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Preface

Thomas Henry Huxley observed that “science is simply common sense at its
best; that is, rigidly accurate in observation and merciless to a fallacy in logic.”!
This second edition of the Reference Manual on Scientific Evidence furthers the goal
of assisting federal judges in recognizing the characteristics and reasoning of
“science” as it is relevant in litigation. The Reference Manual is but one part of a
series of education and research initiatives undertaken by the Center, in col-
laboration with other professional organizations, and with support by a grant
from the Carnegie Corporation of New York, to aid judges in dealing with
these issues. The Reference Manual itself responds to a recommendation of the
Federal Courts Study Committee that the Federal Judicial Center prepare a
manual to assist judges in managing cases involving complex scientific and tech-
nical evidence.?

The first edition of the Reference Manual was published in 1994, at a time of
heightened need for judicial awareness of scientific methods and reasoning cre-
ated by the Supreme Court’s decision in Daubert v. Merrell Dow Pharmaceuticals,
Inc.* Daubert assigned the trial judge a “gatekeeping responsibility” to make “a
preliminary assessment of whether the reasoning or methodology underlying
the testimony is scientifically valid and of whether that reasoning or methodol-
ogy properly can be applied to the facts in issue.”* The first edition of the Refer-
ence Manual has been republished by numerous private publishers and used in a
variety of educational programs for federal and state judges, attorneys, and law
students. The Center estimates that approximately 100,000 copies have been
distributed since its initial publication.

This second edition comes after recent decisions that expand the duties and
responsibility of trial courts in cases involving scientific and technical evidence.
In General Electric Co. v. Joiner,” the Supreme Court strengthened the role of the
trial courts by deciding that abuse of discretion is the correct standard for an
appellate court to apply in reviewing a district court’s evidentiary ruling. In a
concurring opinion, Justice Breyer urged judges to avail themselves of tech-
niques, such as the use of court-appointed experts, that would assist them in

1. T.H. Huxley, The Crayfish: An Introduction to the Study of Zoology 2 (1880), quoted in Stephen
Jay Gould, Full House: The Spread of Excellence from Plato to Darwin 8 (1996).

2. Federal Courts Study Comm., Report of the Federal Courts Study Committee 97 (1990). See
also Carnegie Comm’n on Science, Tech., & Gov’t, Science and Technology in Judicial Decision
Making: Creating Opportunities and Meeting Challenges 11 (1993) (noting concern over the ability of’
courts to manage and adjudicate scientific and technical issues).

3. 509 U.S. 579 (1993).

4. Id. at 589 n.7, 592-93.

5. 522 U.S. 136, 141-43 (1997).
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making determinations about the admissibility of complex scientific or technical
evidence.® Lastyear, in Kumho Tire Co. v. Carmichael, the Supreme Court deter-
mined that the trial judge’s gatekeeping obligation under Daubert not only ap-
plies to scientific evidence but also extends to proffers of “‘technical” and ‘other
specialized” knowledge,” the other categories of expertise specified in Federal
Rule of Evidence 702.7 Also, the Supreme Court recently forwarded to Con-
gress proposed amendments to Federal Rules of Evidence 701, 702, and 703
that are intended to codify case law that is based on Daubert and its progeny.

This second edition includes new chapters that respond to issues that have
emerged since the initial publication. The Introduction by Justice Breyer re-
views the role of scientific evidence in litigation and the challenges that trial
courts face in considering such evidence. Supreme Court cases subsequent to
Daubert are summarized in a chapter by Margaret Berger. The philosophy and
practice of science are described in a chapter by David Goodstein. New refer-
ence guides on medical testimony and engineering will aid judges with the
broader scope of review for cases involving nonscientific expert testimony fol-
lowing Kumho. Reference guides from the first edition have been updated with
new cases and additional material. The Reference Guide on DNA Evidence has
been completely revised to take account of the rapidly evolving science in this
area. To make room for the new material, essential information from the chap-
ters on court-appointed experts and special masters was condensed and included
in the chapter on management of expert evidence.®

We continue to caution judges regarding the proper use of the reference
guides. They are not intended to instruct judges concerning what evidence
should be admissible or to establish minimum standards for acceptable scientific
testimony. Rather, the guides can assist judges in identifying the issues most
commonly in dispute in these selected areas and in reaching an informed and
reasoned assessment concerning the basis of expert evidence. They are designed
to facilitate the process of identifying and narrowing issues concerning scientific
evidence by outlining for judges the pivotal issues in the areas of science that are
often subject to dispute. Citations in the reference guides identify cases in which
specific issues were raised; they are examples of other instances in which judges
were faced with similar problems. By identifying scientific areas commonly in
dispute, the guides should improve the quality of the dialogue between the
judges and the parties concerning the basis of expert evidence.

6. Id. at 147-50.

7. 119 S. Ct. 1167, 1171 (1999) (quoting Fed. R. Evid. 702).

8. Much of the information in those two chapters is available in Joe S. Cecil & Thomas E. Willging,
Accepting Daubert’s Invitation: Defining a Role for Court-Appointed Experts in Assessing Scientific Validity, 43
Emory L.J. 995 (1994), and Margaret G. Farrell, Coping with Scientific Evidence: The Use of Special Masters,
43 Emory L.J. 927 (1994).

vi
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This Reference Manual was begun and furthered by two of my predecessors,
Judge William W Schwarzer and Judge Rya Zobel. Their work in developing
the Center’s program on scientific evidence established the foundation for the
Center’s current initiatives. In developing the Reference Manual we benefited
greatly from the encouragement and support of David Z. Robinson, former
executive director of the Carnegie Commission on Science, Technology, and
Government, and Helene Kaplan, chair of the Commission’s Task Force on
Judicial and Regulatory Decision Making. A number of persons at the Center
have been instrumental in developing this second edition of the Reference Manual.
Joe Cecil and Dean Miletich served as editors of the Reference Manual. They
profited from the advice and assistance of the following members of the Center’s
Communications Policy & Design Office: Geoffrey Erwin, Martha Kendall,
Kris Markarian, and David Marshall. Rozzie Bell of the Center’s Information
Services Office offered great assistance in locating much of the source material.
Finally, we are grateful to the authors of the chapters for their dedication to the
task, and to the peer reviewers of the chapters for their thoughtful suggestions.

FERN M. SMITH
Director, Federal Judicial Center

vil



This page is blank in the printed volume



Introduction

STEPHEN BREYER

Stephen Breyer, L.L.B., is Associate Justice of the Supreme Court of the United States.

Portions of this Introduction appear in Stephen Breyer, The Interdependence of Science and Law, 280
Science 537 (1998).
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IN THIS AGE OF SCIENCE, SCIENCE SHOULD EXPECT TO
find a warm welcome, perhaps a permanent home, in our courtrooms. The
reason is a simple one. The legal disputes before us increasingly involve the
principles and tools of science. Proper resolution of those disputes matters not
just to the litigants, but also to the general public—those who live in our tech-
nologically complex society and whom the law must serve. Our decisions should
reflect a proper scientific and technical understanding so that the law can re-
spond to the needs of the public.

Consider, for example, how often our cases today involve statistics—a tool
familiar to social scientists and economists but, until our own generation, not to
many judges. Only last year the U.S. Supreme Court heard two cases that in-
volved consideration of statistical evidence. In Hunt v. Cromartie,' we ruled that
summary judgment was not appropriate in an action brought against various
state officials that challenged a congressional redistricting plan as racially moti-
vated in violation of the Equal Protection Clause. In determining that disputed
material facts existed regarding the motive of the state legislature in redrawing
the redistricting plan, we placed great weight on a statistical analysis that offered
a plausible alternative interpretation that did not involve an improper racial
motive. Assessing the plausibility of this alternative explanation required knowl-
edge of the strength of the statistical correlation between race and partisanship,
understanding of the consequences of restricting the analysis to a subset of pre-
cincts, and understanding of the relationships among alternative measures of
partisan support.

In Department of Commerce v. United States House of Representatives,” residents
of'a number of states challenged the constitutionality of a plan to use two forms
of statistical sampling in the upcoming decennial census to adjust for expected
“undercounting” of certain identifiable groups. Before examining the constitu-
tional issue, we had to determine if the residents challenging the plan had stand-
ing to sue because of injuries they would be likely to suffer as a result of the
sampling plan. In making this assessment, it was necessary to apply the two
sampling strategies to population data in order to predict the changes in con-
gressional apportionment that would most likely occur under each proposed
strategy. After resolving the standing issue, we had to determine if the statistical
estimation techniques were consistent with a federal statute.

In each of these two cases, we judges were not asked to become expert
statisticians, but we were expected to understand how the statistical analyses
worked. Trial judges today are asked routinely to understand statistics at least as
well, and probably better.

But science is far more than tools, such as statistics. And that “more” increas-

1. 119 S. Ct. 1545 (1999).
2. 119'S. Ct. 765 (1999).



Introduction

ingly enters directly into the courtroom. The Supreme Court, for example, has
recently decided cases involving basic questions of human liberty, the resolution
of which demanded an understanding of scientific matters. In 1997 we were
asked to decide whether the Constitution contains a “right to die.”® The specific
legal question was whether the federal Constitution, which prohibits govern-
ment from depriving “any person” of “liberty” without “due process of law,”
requires a state to permit a doctor’s assistance in the suicide of a terminally il
patient. Is the “right to assisted suicide” part of the liberty that the Constitution
protects? Underlying the legal question was a medical question: To what extent
can medical technology reduce or eliminate the risk of dying in severe pain?
The medical question did not determine the answer to the legal question, but to
do our legal job properly, we needed to develop an informed—although neces-
sarily approximate—understanding of the state of that relevant scientific art.

Nor are the right-to-die cases unique in this respect. A different case in 1997
challenged the constitutionality of a state sexual psychopath statute. The law
required a determination of when a person can be considered so dangerous and
mentally ill that the threat he or she poses to public safety justifies indefinite
noncriminal confinement, a question that implicates science and medicine as
well as law.*

The Supreme Court’s docket is only illustrative. Scientific issues permeate
the law. Criminal courts consider the scientific validity of, say, DNA sampling or
voiceprints, or expert predictions of defendants’ “future dangerousness,” which
can lead courts or juries to authorize or withhold the punishment of death.
Courts review the reasonableness of administrative agency conclusions about
the safety of a drug, the risks attending nuclear waste disposal, the leakage po-
tential of a toxic waste dump, or the risks to wildlife associated with the building
of a dam. Patent law cases can turn almost entirely on an understanding of the
underlying technical or scientific subject matter. And, of course, tort law often
requires difficult determinations about the risk of death or injury associated with
exposure to a chemical ingredient of a pesticide or other product.

The importance of scientific accuracy in the decision of such cases reaches
well beyond the case itself. A decision wrongly denying compensation in a toxic
substance case, for example, can not only deprive the plaintiff’ of warranted
compensation but also discourage other similarly situated individuals from even
trying to obtain compensation and encourage the continued use of a dangerous
substance. On the other hand, a decision wrongly granting compensation, al-
though of immediate benefit to the plaintiff, can improperly force abandonment
of the substance. Thus, if the decision is wrong, it will improperly deprive the
public of what can be far more important benefits—those surrounding a drug

3. Washington v. Glucksberg, 521 U.S. 702 (1997); Vacco v. Quill, 521 U.S. 793 (1997).
4. Kansas v. Hendricks, 521 U.S. 346 (1997).
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that cures many while subjecting a few to less serious risk, for example. The
upshot is that we must search for law that reflects an understanding of the rel-
evant underlying science, not for law that frees companies to cause serious harm
or forces them unnecessarily to abandon the thousands of artificial substances on
which modern life depends.

The search is not a search for scientific precision. We cannot hope to inves-
tigate all the subtleties that characterize good scientific work. A judge is not a
scientist, and a courtroom is not a scientific laboratory. But consider the remark
made by the physicist Wolfgang Pauli. After a colleague asked whether a certain
scientific paper was wrong, Pauli replied, “That paper isn’t even good enough
to be wrong!”® Our objective is to avoid legal decisions that reflect that paper’s
so-called science. The law must seek decisions that fall within the boundaries of
scientifically sound knowledge.

Even this more modest objective is sometimes difficult to achieve in practice.
The most obvious reason is that most judges lack the scientific training that
might facilitate the evaluation of scientific claims or the evaluation of expert
witnesses who make such claims. Judges typically are generalists, dealing with
cases that can vary widely in subject matter. Our primary objective is usually
process-related: seeing that a decision is reached fairly and in a timely way. And
the decision in a court of law typically (though not always) focuses on a particu-
lar event and specific individualized evidence.

Furthermore, science itself may be highly uncertain and controversial with
respect to many of the matters that come before the courts. Scientists often
express considerable uncertainty about the dangers of a particular substance.
And their views may differ about many related questions that courts may have
to answer. What, for example, is the relevance to human cancer of studies showing
that a substance causes some cancers, perhaps only a few, in test groups of mice
or rats? What is the significance of extrapolations from toxicity studies involving
high doses to situations where the doses are much smaller? Can lawyers or judges
or anyone else expect scientists always to be certain or always to have uniform
views with respect to an extrapolation from a large dose to a small one, when
the causes of and mechanisms related to cancer are generally not well known?
Many difficult legal cases fall within this area of scientific uncertainty.

Finally, a court proceeding, such as a trial, is not simply a search for dispas-
sionate truth. The law must be fair. In our country, it must always seek to
protect basic human liberties. One important procedural safeguard, guaranteed
by our Constitution’s Seventh Amendment, is the right to a trial by jury. A
number of innovative techniques have been developed to strengthen the ability
of juries to consider difficult evidence.® Any effort to bring better science into

5. Peter W. Huber, Galileo’s Revenge: Junk Science in the Courtroom 54 (1991).
6. See generally Jury Trial Innovations (G. Thomas Munsterman et al. eds., 1997).
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the courtroom must respect the jury’s constitutionally specified role—even if
doing so means that, from a scientific perspective, an incorrect result is some-
times produced.

Despite the difficulties, I believe there is an increasingly important need for
law to reflect sound science. I remain optimistic about the likelihood that it will
do so. Itis common to find cooperation between governmental institutions and
the scientific community where the need for that cooperation is apparent. To-
day, as a matter of course, the President works with a science adviser, Congress
solicits advice on the potential dangers of food additives from the National Acad-
emy of Sciences, and scientific regulatory agencies often work with outside
scientists, as well as their own, to develop a product that reflects good science.

The judiciary, too, has begun to look for ways to improve the quality of the
science on which scientifically related judicial determinations will rest. The Federal
Judicial Center is collaborating with the National Academy of Sciences in de-
veloping the academy’s Program in Science, Technology, and Law.” This pro-
gram will bring together on a regular basis knowledgeable scientists, engineers,
judges, attorneys, and corporate and government officials to explore areas of
interaction and improve communication among the science, engineering, and
legal communities. This program is intended to provide a neutral, nonadversarial
forum for promoting understanding, encouraging imaginative approaches to
problem solving, and conducting studies.

In the Supreme Court, as a matter of course, we hear not only from the
parties to a case but also from outside groups, which file briefs—thirty-page
amicus curiae briefs—that help us to become more informed about the relevant
science. In the “right-to-die” case, we received about sixty such documents
from organizations of doctors, psychologists, nurses, hospice workers, and handi-
capped persons, among others. Many discussed pain-control technology, thereby
helping us to identify areas of technical consensus and disagreement. Such briefs
help to educate the justices on potentially relevant technical matters, making us
not experts, but moderately educated laypersons, and that education improves
the quality of our decisions.

Moreover, our Court recently made clear that the law imposes on trial judges
the duty, with respect to scientific evidence, to become evidentiary gatekeepers.®
The judge, without interfering with the jury’s role as trier of fact, must deter-
mine whether purported scientific evidence is “reliable” and will “assist the trier

7. Letter from Richard E. Bissell, Executive Director, Policy Division of the National Research
Council, to Judge Rya W. Zobel, Director, Federal Judicial Center (Oct. 27, 1998) (on file with the
Research Division of the Federal Judicial Center). See also Anne-Marie Mazza, Program in Science,
Technology, and Law (Oct. 1999) (program description) (on file with the Research Division of the
Federal Judicial Center).

8. General Elec. Co. v. Joiner, 522 U.S. 136 (1997); Daubert v. Merrell Dow Pharms., Inc., 509
U.S. 579 (1993).



Reference Manual on Scientific Evidence

of fact,” thereby keeping from juries testimony that, in Pauli’s sense, isn’t even
good enough to be wrong. Last term our Court made clear that this require-
ment extends beyond scientific testimony to all forms of expert testimony.’ The
purpose of Daubert’s gatekeeping requirement “is to make certain that an expert,
whether basing testimony upon professional studies or personal experience,
employs in the courtroom the same level of intellectual rigor that characterizes
the practice of an expert in the relevant field.”"

Federal trial judges, looking for ways to perform the gatekeeping function
better, increasingly have used case-management techniques like pretrial confer-
ences to narrow the scientific issues in dispute, pretrial hearings where potential
experts are subject to examination by the court, and the appointment of spe-
cially trained law clerks or scientific special masters. Judge Jack B. Weinstein of
New York suggests that courts should sometimes “go beyond the experts prof-
fered by the parties” and “appoint independent experts” as the Federal Rules of
Evidence allow.!! Judge Gerald Rosen of Michigan appointed a University of
Michigan Medical School professor to testify as an expert witness for the court,
helping to determine the relevant facts in a case that challenged a Michigan law
prohibiting partial-birth abortions."” Judge Richard Stearns of Massachusetts,
acting with the consent of the parties in a recent, highly technical genetic engi-
neering patent case,"” appointed a Harvard Medical School professor to serve “as
a sounding board for the court to think through the scientific significance of the
evidence” and to “assist the court in determining the validity of any scientific
evidence, hypothesis or theory on which the experts base their testimony.”!*

In what one observer describes as “the most comprehensive attempt to incor-
porate science, as scientists practice it, into law,”" Judge Sam Pointer, Jr., of
Alabama recently appointed a “neutral science panel” of four scientists from
different disciplines to prepare testimony on the scientific basis of the claims in
the silicone gel breast implant product liability cases consolidated as part of a
multidistrict litigation process.'® This proceeding will allow judges and jurors in
numerous cases to consider videotaped testimony by a panel of prominent sci-
entists. The use of such videotapes is likely to result in more consistent decisions

9.  Kumbho Tire Co. v. Carmichael, 119 S. Ct. 1167 (1999).

10. Id. at 1176.

11. Jack B. Weinstein, Individual Justice in Mass Tort Litigation: The Effect of Class Actions,
Consolidations, and Other Multiparty Devices 116 (1995).

12. Evans v. Kelley, 977 F. Supp. 1283 (E.D. Mich. 1997).

13. Biogen, Inc. v. Amgen, Inc., 973 F. Supp. 39 (D. Mass. 1997).

14. MediaCom Corp. v. Rates Tech., Inc., 4 F. Supp. 2d 17 app. B at 37 (D. Mass. 1998) (quoting
the Affidavit of Engagement filed in Biogen, Inc. v. Amgen, Inc., 973 F. Supp. 39 (D. Mass. 1997) (No.
95-10496)).

15. Olivia Judson, Slide-Rule Justice, Nat’l J., Oct. 9, 1999, at 2882, 2885.

16. In re Silicone Gel Breast Implant Prods. Liab. Litig., Order 31 (N.D. Ala. filed May 30, 1996)
(MDL No. 926).
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across courts, as well as great savings of time and expense for the individual
litigants and the coutrts.

These case-management techniques are neutral, in principle favoring neither
plaintifts nor defendants. When used, they have typically proved successful. None-
theless, judges have not often invoked their rules-provided authority to appoint
their own experts.'”” They may hesitate simply because the process is unfamiliar
or because the use of this kind of technique inevitably raises questions. Will use
of an independent expert, in effect, substitute that expert’s judgment for that of
the court? Will it inappropriately deprive the parties of control over the presen-
tation of the case? Will it improperly intrude on the proper function of the jury?
Where is one to find a truly neutral expert? After all, different experts, in total
honesty, often interpret the same data differently. Will the search for the expert
create inordinate delay or significantly increase costs? Who will pay the expert?
Judge William Acker, Jr., of Alabama writes:

Unless and until there is a national register of experts on various subjects and a method by
which they can be fairly compensated, the federal amateurs wearing black robes will have
to overlook their new gatekeeping function lest they assume the intolerable burden of
becoming experts themselves in every discipline known to the physical and social sciences,
and some as yet unknown but sure to blossom.!8

A number of scientific and professional organizations have come forward
with proposals to aid the courts in finding skilled experts. The National Confer-
ence of Lawyers and Scientists, a joint committee of the American Association
for the Advancement of Science (AAAS) and the Science and Technology Sec-
tion of the American Bar Association, has developed a pilot project to test the
feasibility of increased use of court-appointed experts in cases that present tech-
nical issues. The project will recruit a slate of candidates from science and pro-
fessional organizations to serve as court-appointed experts in cases in which the
court has determined that traditional means of clarifying issues under the adversarial
system are unlikely to yield the information that is necessary for a reasoned and
principled resolution of the disputed issues.’” The project also is developing
educational materials that will be helpful to scientists who are unfamiliar with
the legal system. The Federal Judicial Center will examine a number of ques-
tions arising from such appointments, such as the following:

* How did the appointed experts perform their duties?

* How did the court, while protecting the interests of the lawyers and the

17. Joe S. Cecil & Thomas E. Willging, Accepting Daubert’s Invitation: Defining a Role for Court-
Appointed Experts in Assessing Scientific Validity, 43 Emory L.J. 995, 1004 (1994).

18. Letter from Judge William Acker, Jr., to the Judicial Conference of the United States et al. (Jan.
2, 1998).

19. Information on the AAAS program can be found at Court Appointed Scientific Experts: A
Demonstration Project of the AAAS (visited Dec. 23, 1999) <http://www.aaas.org/spp/case/case.htm>.
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parties they represent, protect the experts from unreasonable demands, say,
on their time?

* How did the court prepare the experts to encounter what may be an unfa-

miliar and sometimes hostile legal environment?

The Private Adjudication Center at Duke University is establishing a registry
of independent scientific and technical experts who are willing to provide ad-
vice to courts or serve as court-appointed experts.”’ Registry services also are
available to arbitrators and mediators and to parties and lawyers who together
agree to engage an independent expert at the early stages of a dispute. The
registry has recruited an initial group of experts in medicine and health-related
disciplines, primarily from major academic institutions, and new registrants are
added on a regular basis. As needed, the registry also conducts targeted searches
to find experts with the qualifications required for particular cases. Registrants
must adhere to a code of conduct designed to ensure confidence in their impar-
tiality and integrity.

These projects have much to teach us about the ways in which courts can use
such experts. We need to learn how to identify impartial experts. Also, we need
to know how best to protect the interests of the parties and the experts when
such extraordinary procedures are used. We also need to know how best to
prepare a scientist for the sometimes hostile legal environment that arises during
depositions and cross-examination.

It would undoubtedly be helpful to recommend methods for efficiently edu-
cating (that is, in a few hours) willing scientists in the ways of the courts, just as
it would be helpful to develop training that might better equip judges to under-
stand the ways of science and the ethical, as well as practical and legal, aspects of
scientific testimony.?!

In this age of science we must build legal foundations that are sound in sci-
ence as well as in law. Scientists have offered their help. We in the legal com-
munity should accept that offer. We are in the process of doing so. This manual
seeks to open legal institutional channels through which science—its learning,
tools, and principles—may flow more easily and thereby better inform the law.
The manual represents one part of a joint scientific—legal effort that will further
the interests of truth and justice alike.

20. Letter from Corinne A. Houpt, Registry Project Director, Private Adjudication Center, to
Judge Rya W. Zobel, Director, Federal Judicial Center (Dec. 29, 1998) (on file with the Research
Division of the Federal Judicial Center). Information on the Private Adjudication Center program can
be found at The Registry of Independent Scientific and Technical Advisors (visited Mar. 8, 2000)
<http://www.law.duke.edu/pac/registry/index.html>.

21. Gilbert S. Omenn, Enhancing the Role of the Scientific Expert Witness, 102 Envtl. Health Persp.
674 (1994).
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I. Introduction

On March 23, 1999, the U.S. Supreme Court decided Kumho Tire Co. v.
Carmichael,' the third in a series of cases dealing with the admissibility of expert
testimony. The trilogy began in 1993 with Daubert v. Merrell Dow Pharmaceuti-
cals, Inc.,* a toxic tort action, in which the Court promulgated a new test for
tederal courts to use when ruling on the admissibility of scientific evidence. The
second case, General Electric Co. v. Joiner,” decided in 1997, likewise dealt with
the admissibility of scientific evidence in the context of a toxic tort suit. In
Kumho, the Court extended the approach of these prior opinions to nonscientific
expert testimony proffered in a product liability action. In doing so, Kumho
provides new insights into the meaning of Daubert and Joiner, and offers guid-
ance on how federal trial and appellate courts can appropriately respond when a
party seeks to exclude an opponent’s expert testimony. Because of its broad
scope, Kumbho is likely to play a significant role in all future rulings on the admis-
sibility of expert proof.*

The opinions in the trilogy are so interrelated that Kumho’s significance and
potential impact emerge much more clearly when viewed in conjunction with
the Court’s analyses in the earlier cases. Consequently, section II of this chapter
examines the Daubert and Joiner opinions. Section III begins with a survey of the
lower courts” opinions in Kumho and then turns to the Supreme Court’s opin-
ion. Section IV examines the current state of the law with regard to expert
testimony in light of Kumho and addresses some of the more troublesome ques-
tions that are likely to arise in connection with requests to exclude expert testi-
mony. As in the Evidentiary Framework chapter that appeared in the first edi-
tion of the Reference Manual on Scientific Evidence, the aim of this discussion is to
provide a starting point for analysis by highlighting issues that the courts will
have to resolve.

1. 119 S. Ct. 1167 (1999).

2. 509 U.S. 579 (1993).

3. 522 U.S. 136 (1997).

4. David L. Faigman et al., Preface to 3 Modern Scientific Evidence: The Law and Science of Expert
Testimony at v (David L. Faigman et al. eds., 1999) (“The importance of this decision cannot be
overstated, and it ranks with Daubert in the likely effect it will have on the practice of admitting expert
testimony.”) [hereinafter Modern Scientific Evidence].

10



Supreme Court’s Trilogy on Admissibility of Expert Testimony

[I. The First Two Cases in the Trilogy:
Daubert and Joiner

A. Daubert v. Merrell Dow Pharmaceuticals, Inc.

In the seminal Daubert case, the Court granted certiorari to decide whether the
so-called Frye (or “general acceptance”) test, which was used by some federal
circuits in determining the admissibility of scientific evidence, had been super-
seded by the enactment of the Federal Rules of Evidence. The Court held
unanimously that the Frye test had not survived. Six justices joined Justice
Blackmun in setting forth a new test for admissibility after concluding that “Rule
702 . . . clearly contemplates some degree of regulation of the subjects and
theories about which an expert may testify.”> While the two other members of
the Court agreed with this conclusion about the role of Rule 702, they thought
that the task of enunciating a new rule for the admissibility of expert proof
should be left to another day.

The majority opinion in Daubert continued by setting forth major themes
that run throughout the trilogy: The trial court is the “gatekeeper” who must
screen proffered expertise, and the objective of the screening is to ensure that
what is admitted “is not only relevant, but reliable.”” There was nothing par-
ticularly novel about a trial judge having the power to make an admissibility
determination. Federal Rules of Evidence 104(a) and 702 pointed to such a
conclusion, and federal trial judges had excluded expert testimony long before
Daubert. However, the majority opinion in Daubert stated that the trial court has
not only the power but the obligation to act as “gatekeeper.”®

5. Daubert, 509 U.S. at 589.

6. Chief Justice Rehnquist, joined by Justice Stevens in an opinion concurring in part and dissent-
ing in part, stated: “I do not doubt that Rule 702 confides to the judge some gatekeeping responsibility
in deciding questions of the admissibility of proftered expert testimony.” Id. at 600. However, Chief’
Justice Rehnquist and Justice Stevens would have decided only the Frye issue and left “the further
development of this important area of the law to future cases.” Id. at 601. The Chief Justice raised a
number of questions about the majority’s opinion that foreshadowed issues that arose in joiner and
Kumbho:

Does all of this dicta apply to an expert seeking to testify on the basis of “technical or other specialized

knowledge”—the other types of expert knowledge to which Rule 702 applies—or are the “general

observations” limited only to “scientific knowledge”? What is the difference between scientific knowl-
edge and technical knowledge; does Rule 702 actually contemplate that the phrase “scientific, techni-

cal, or other specialized knowledge” be broken down into numerous subspecies of expertise, or did its

authors simply pick general descriptive language covering the sort of expert testimony which courts

have customarily received?
Id. at 600.
7. Id. at 589.
8. “The primary locus of this obligation is Rule 702 . . . .” Id.
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The Court then went on to consider the meaning of this two-pronged test of
relevancy and reliability in the context of scientific evidence.” With regard to
relevancy, the Court explained that expert testimony cannot assist the trier in
resolving a factual dispute, as required by Rule 702, unless the expert’s theory is
tied sufficiently to the facts of the case. “Rule 702’s ‘helpfulness’ standard re-
quires a valid scientific connection to the pertinent inquiry as a precondition to
admissibility.”!® This consideration, the Court remarked, “has been aptly de-
scribed by Judge Becker as one of “fit.””!!

To determine whether proffered scientific testimony or evidence satisfies the
standard of evidentiary reliability,’”” a judge must ascertain whether it is
“ground[ed] in the methods and procedures of science.”"® The Court, empha-
sizing that “[t]he inquiry envisioned by Rule 702 is . . . a flexible one,”"* then
examined the characteristics of scientific methodology and set out a nonexclu-
sive list of four factors that bear on whether a theory or technique has been
derived by the scientific method." First and foremost the Court viewed science
as an empirical endeavor: “Whether [a theory or technique| can be (and has
been) tested” is the “‘methodology [that] distinguishes science from other fields
of human inquiry.””'® Also mentioned by the Court as indicators of good sci-
ence are peer review or publication, and the existence of known or potential
error rates and standards controlling the technique’s operation.'” Although gen-

9. Id. The majority explicitly noted that “Rule 702 also applies to ‘technical, or other specialized
knowledge.” Our discussion is limited to the scientific context because that is the nature of the expertise
offered here.” Id. at 590 n.8.

10. Id. at 591-92.

11. Id. at 591. Judge Becker used this term in United States v. Downing, 753 F.2d 1224, 1242 (3d
Cir. 1985), in the course of discussing the admissibility of expert testimony that pointed to particular
factors that make eyewitness testimony unreliable. On remand, the district court rejected the proffered
expert testimony on the ground of “fit” because it found that factors discussed by the expert, such as the
high likelihood of inaccurate cross-racial identifications, were not present in the case. United States v.
Downing, 609 F. Supp. 784, 791-92 (E.D. Pa. 1985), aff’d, 780 F.2d 1017 (3d Cir. 1985).

12. Commentators have faulted the Court for using the label “reliability” to refer to the concept
that scientists term “validity.” The Court’s choice of language was deliberate. It acknowledged that
scientists typically distinguish between validity and reliability and that “[i]n a case involving scientific
evidence, evidentiary reliability will be based upon scientific validity.” Daubert v. Merrell Dow Pharms.,
Inc., 509 U.S. 579, 590 n.9 (1993). However, the Court also explained that by its reference to evidentiary
reliability, it meant trustworthiness, as that concept is used elsewhere in the Federal Rules of Evidence. Id.

13. Id. at 590.

14. Id. at 594.

15. Id. at 593-94. “[W]e do not presume to set out a definitive checklist or test.” Id. at 593.

16. Id. at 593 (quoting Michael D. Green, Expert Witnesses and Sufficiency of Evidence in Toxic Sub-
stances Litigation: The Legacy of Agent Orange and Bendectin Litigation, 86 Nw. U. L. Rev. 643, 645
(1992)).

17. Id. at 593-94.
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eral acceptance of the methodology within the scientific community is no longer
dispositive, it remains a factor to be considered."

The Court did not apply its new test to the eight experts for the plaintiffs
who sought to testify on the basis of in vitro, animal, and epidemiological stud-
ies that the drug Bendectin taken by the plaintiffs’ mothers during pregnancy
could cause or had caused the plaintiffs’ birth defects. Instead, it reversed the
decision and remanded the case. Nor did the Court deal with any of the proce-
dural issues raised by the Daubert opinion, such as the burden, if any, on the
party that seeks a ruling excluding expert testimony, or the standard of review
on appeal.”

B. General Electric Co. v. Joiner

The Supreme Court granted certiorari in General Electric Co. v. Joiner,
ond case in the trilogy, in order to determine the appropriate standard an appel-
late court should apply in reviewing a trial court’s Daubert decision to admit or
exclude scientific expert testimony. In Joiner, the 37-year-old plaintiff, a long-
time smoker with a family history of lung cancer, claimed that exposure to
polychlorinated biphenyls (PCBs) and their derivatives had promoted the de-
velopment of his small-cell lung cancer. The trial court applied the Daubert
criteria, excluded the opinions of the plaintiff’s experts, and granted the defen-
dants’ motion for summary judgment.?' The court of appeals reversed the deci-
sion, stating that “[b]ecause the Federal Rules of Evidence governing expert
testimony display a preference for admissibility, we apply a particularly stringent
standard of review to the trial judge’s exclusion of expert testimony.”?

All the justices joined Chief Justice Rehnquist in holding that abuse of dis-
cretion is the correct standard for an appellate court to apply in reviewing a
district court’s evidentiary ruling, regardless of whether the ruling allowed or
excluded expert testimony.” The Court unequivocally rejected the suggestion
that a more stringent standard is permissible when the ruling, as in Joiner, is
“outcome determinative.”* In a concurring opinion, Justice Breyer urged judges
to avail themselves of techniques, such as the use of court-appointed experts,

20 the sec-

18. Id. at 594.

19. The Ninth Circuit panel thereafter found that the experts had been properly excluded and
affirmed the grant of summary judgment dismissing the plaintiffs’ case. Daubert v. Merrell Dow Pharms.,
Inc., 43 F.3d 1311 (9th Cir. 1995).

20. 522 U.S. 136 (1997).

21. Joiner v. General Elec. Co., 864 F. Supp. 1310 (N.D. Ga. 1994).

22. Joiner v. General Elec. Co., 78 F.3d 524, 529 (11th Cir. 1996).

23. General Elec. Co. v. Joiner, 522 U.S. at 141-43.

24. Id. at 14243,
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that would assist them in making determinations about the admissibility of com-
plex scientific or technical evidence.”

With the exception of Justice Stevens, who dissented from this part of the
opinion, the justices then did what they had not done in Daubert—they exam-
ined the record, found that the plaintiff’s experts had been properly excluded,
and reversed the decision without remanding the case as to this issue.*® The
Court concluded that it was within the district court’s discretion to find that the
statements of the plaintiff’s experts with regard to causation were nothing more
than speculation. The Court noted that the plaintiff never explained “how and
why the experts could have extrapolated their opinions”? from animal studies
far removed from the circumstances of the plaintiff’s exposure.? It also observed
that the district court could find that the four epidemiological studies the plain-
tiff relied on were insufficient as a basis for his experts” opinions.” Consequently,
the court of appeals had erred in reversing the district court’s determination that
the studies relied on by the plaintiff’s experts “were not sufficient, whether
individually or in combination, to support their conclusions that Joiner’s expo-
sure to PCBs contributed to his cancer.”*

The plaintiff in Joiner had argued that the epidemiological studies showed a
link between PCBs and cancer if the results of all the studies were pooled, and
that this weight-of-the-evidence methodology was reliable. Therefore, accord-
ing to the plaintiff, the district court erred when it excluded a conclusion based
on a scientifically reliable methodology because it thereby violated the Court’s
precept in Daubert that the “‘focus, of course, must be solely on principles and

25. Id. at 147-50. Justice Breyer also mentioned narrowing the scientific issues in dispute at Rule
16 pretrial conferences, examining proposed experts at pretrial hearings, and appointing special masters
and specially trained law clerks. Id.

26. Id. at 143—47. Justice Stevens expressed doubt as to whether the admissibility question had been
adequately briefed, and in any event, he thought that the record could be studied more efficiently by
the court of appeals than by the Supreme Court. Id. at 150-51. In addition, he expressed concern about
how the Court applied the Daubert test to the reliability ruling by the trial judge. Id. at 151. See infra text
accompanying note 32.

27. Id. at 144.

28. The studies involved infant mice that had massive doses of PCBs injected directly into their
bodies; Joiner was an adult who was exposed to fluids containing far lower concentrations of PCBs.
The infant mice developed a difterent type of cancer than Joiner did, and no animal studies showed that
adult mice exposed to PCBs developed cancer or that PCBs lead to cancer in other animal species. Id.

29. The authors of the first study of workers at an Italian plant found lung cancer rates among ex-
employees somewhat higher than might have been expected but refused to conclude that PCBs had
caused the excess rate. A second study of workers at a PCB production plant did not find the somewhat
higher than expected incidence of lung cancer deaths to be statistically significant. The third study made
no mention of exposure to PCBs, and the workers in the fourth study who had a significant increase in
lung cancer rates had also been exposed to numerous other potential carcinogens. Id. at 145—46.

30. Id. at 146—47.
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methodology, not on the conclusions that they generate.”””*! The Supreme Court
responded to this argument by stating that

conclusions and methodology are not entirely distinct from one another. Trained experts
commonly extrapolate from existing data. But nothing in either Daubert or the Federal
Rules of Evidence requires a district court to admit opinion evidence which is connected
to existing data only by the ipse dixit of the expert. A court may conclude that there is
simply too great an analytical gap between the data and the opinion proffered.®

Justice Stevens, in his partial dissent, assumed that the plaintiff’s expert was
entitled to rely on such a methodology, which he noted is often used in risk
assessment, and that a district court that admits expert testimony based on a
weight-of-the-evidence methodology does not abuse its discretion.® Justice
Stevens would have remanded the case for the court below to determine if the
trial court had abused its discretion when it excluded the plaintiff’s experts.*

II1. Kumho Tire Co. v. Carmichael
A. The District Court Opinion

Less than one year after deciding Joiner, the Supreme Court granted certiorari in
Kumho® to decide if the trial judge’s gatekeeping obligation under Daubert ap-
plies only to scientific evidence or if it extends to profters of “technical, or other
specialized knowledge,” the other categories of expertise specified in Federal
Rule of Evidence 702. A split had developed in the circuits on this issue. In
addition, there was uncertainty about whether disciplines like economics, psy-
chology, and other “soft” sciences counted as science; when the four factors
endorsed in Daubert as indicators of reliability had to be applied; and how expe-
rience factors into the gatekeeping process. Although Rule 702 specifies that an
expert may be qualified through experience, the Court’s emphasis in Daubert on
“testability” suggested that an expert should not be allowed to base a conclusion
solely on experience if the conclusion can easily be tested.

In Kumbho, the plaintifts brought suit after a tire blew out on a minivan, caus-
ing an accident in which one passenger died and others were seriously injured.
The tire, which was manufactured in 1988, had been installed on the minivan

31. Id. at 146 (quoting Daubert v. Merrell Dow Pharms., Inc., 509 U.S. 579, 595 (1993)).

32. Id. at 146.

33. Id. at 153-54.

34. Id. at 150-51.

35. Carmichael v. Samyang Tire, Inc., 131 F.3d 1433 (11th Cir. 1997), cert. granted sub nom. Kumho
Tire Co. v. Carmichael, 118 S. Ct. 2339 (1998), and rev’d, 119 S. Ct. 1167 (1999).
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sometime before it was purchased as a used car by the plaintiffs in 1993. In their
diversity action against the tire’s maker and its distributor, the plaintifts claimed
that the tire was defective. To support this allegation, the plaintiffs relied prima-
rily on deposition testimony by Dennis Carlson, Jr., an expert in tire-failure
analysis, who concluded on the basis of a visual inspection of the tire that the
blowout was caused by a defect in the tire’s manufacture or design.

When the defendant moved to exclude Carlson’s testimony, the district court
agreed with the defendant that the Daubert gatekeeping obligation applied not
only to scientific knowledge but also to “‘technical analyses.””*® Therefore, the
district court examined Carlson’s visual-inspection methodology in light of the
four factors mentioned in Daubert—the theory’s testability, whether it was the
subject of peer review or publication, its known or potential rate of error, and
its general acceptance within the relevant scientific community.”” After con-
cluding that none of the Daubert factors was satisfied, the court excluded Carlson’s
testimony and granted the defendant’s motion for summary judgment.*

The plaintiffs asked for reconsideration, arguing that the court’s application
of the Daubert factors was too inflexible. The court granted the plaintiffs’ request
for reconsideration, and agreed that it had erred in treating the four factors as
mandatory rather than illustrative.”” But the plaintiffs were not aided by this
concession, because the court went on to say:

In this case, application of the Daubert factors did operate to gauge the reliability of Carlson’s
methods, and all of the factors indicated that his testimony was properly excluded. The
Court’s analysis revealed no countervailing factors operating in favor of admissibility which
could outweigh those identified in Daubert, and the parties identified no such factors in
their briefs. Contrary to plaintiffs” assertions, the Court did not convert the flexible Daubert
inquiry into a rigid one; rather, the Court simply found the Daubert factors appropriate,
analyzed them, and discerned no competing criteria sufficiently strong to outweigh them.*

The district court then reaffirmed its earlier order, excluding Carlson’s expert
testimony and granting summary judgment.*!

36. Carmichael v. Samyang Tire, Inc., 923 F. Supp. 1514, 1522 (S.D. Ala. 1996) (“The plaintifts
may be correct that Carlson’s testimony does not concern a scientific concept per se; however, it
certainly is testimony about an application of scientific concepts involved in physics, chemistry, and
mechanical engineering. In other words, Carlson’s method is necessarily ground in some scientific
foundation . . . .”), rev’d, 131 F.3d 1433 (11th Cir. 1997), cert. granted sub nom. Kumho Tire Co. v.
Carmichael, 118 S. Ct. 2339 (1998), and rev’d, 119 S. Ct. 1167 (1999).

37. Id. at 1520-21.

38. Id. at 1522, 1524.

39. Carmichael v. Samyang Tires, Inc., Civ. Action No. 93-0860-CB-S (S.D. Ala., June 5, 1996),
App. to Pet. for Cert. at 1¢ (order granting motion for reconsideration discussed in Kumho, 119 S. Ct.
at 1173).

40. Id.

41. Id.

16



Supreme Court’s Trilogy on Admissibility of Expert Testimony

B. The Court of Appeals Opinion

The Eleventh Circuit reversed the district court’s decision in Kumho, holding,
as a matter of law under a de novo standard of review, that Daubert applies only
in the scientific context.** The court of appeals opinion stressed the difference
between expert testimony that relies on the application of scientific theories or
principles—which would be subject to a Daubert analysis—and testimony that is

based on the expert’s “skill- or experience-based observation.”* The court then
found

that Carlson’s testimony is non-scientific . . . . Carlson makes no pretense of basing his
opinion on any scientific theory of physics or chemistry. Instead, Carlson rests his opinion
on his experience in analyzing failed tires. After years of looking at the mangled carcasses of
blown-out tires, Carlson claims that he can identify telltale markings revealing whether a
tire failed because of abuse or defect. Like a beekeeper who claims to have learned through
years of observation that his charges always take flight into the wind, Carlson maintains that
his experiences in analyzing tires have taught him what “bead grooves” and “sidewall
deterioration” indicate as to the cause of a tire’s failure. . . . Thus, we conclude that Carlson’s
testimony falls outside the scope of Daubert and that the district court erred as a matter of
law by applying Daubert in this case.*

The Eleventh Circuit did not, however, conclude that Carlson’s testimony
was admissible. Instead, it directed the district court on remand “to determine if
Carlson’s testimony is sufficiently reliable and relevant to assist a jury.”*
other words, the circuit court agreed that the trial court has a gatekeeping obli-
gation; its quarrel with the district court was over that court’s assumption that
Daubert’s four factors had to be considered.

In

C. The Supreme Court Opinion

All the justices of the Supreme Court, in an opinion by Justice Breyer, held that
the trial court’s gatekeeping obligation extends to all expert testimony* and
unanimously rejected the Eleventh Circuit’s dichotomy between the expert who
“‘relies on the application of scientific principles’” and the expert who relies on

99

42. Carmichael v. Samyang Tire, Inc., 131 F.3d 1433, 1435 (11th Cir. 1997), cert. granted sub nom.
Kumbho Tire Co. v. Carmichael, 118 S. Ct. 2339 (1998), and rev’d, 119 S. Ct. 1167 (1999).

43. Id. at 1435.

44. Id. at 1436 (footnotes omitted).

45. Id. The court noted that the defendant had raised “a number of potentially troubling criticisms
of Carlson’s alleged expertise and methodology, including his rendering of an opinion regarding the
Carmichaels’ tire before he had personally inspected its carcass.” Id. at 1436-37.

46. Kumho Tire Co. v. Carmichael, 119 S. Ct. 1167, 1171 (1999) (“Dauberf’s general holding—
setting forth the trial judge’s general ‘gatekeeping’ obligation—applies not only to testimony based on
‘scientific’ knowledge, but also to testimony based on ‘technical’ and ‘other specialized” knowledge.”).
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skill- or experience-based observation.””* The Court noted that Federal Rule
of Evidence 702 “makes no relevant distinction between ‘scientific’ knowledge
and ‘technical’ or ‘other specialized’ knowledge,” and “applies its reliability stan-
dard to all . . . matters within its scope.”* Furthermore, said the Court, “no
clear line” can be drawn between the different kinds of knowledge,* and “no
one denies that an expert might draw a conclusion from a set of observations
based on extensive and specialized experience.”*

The Court also unanimously found that the court of appeals had erred when
it used a de novo standard, instead of the Joiner abuse-of-discretion standard, to
determine that Daubert’s criteria were not reasonable measures of the reliability
of Carlson’s testimony.®' As in Joiner, and again over the dissent of Justice Stevens,>
the Court then examined the record and concluded that the trial court had not
abused its discretion when it excluded Carlson’s testimony. Accordingly, it re-
versed the opinion of the Eleventh Circuit.

The opinion adopts a flexible approach that stresses the importance of iden-
tifying “the particular circumstances of the particular case at issue.”* The court
must then make sure that the proffered expert will observe the same standard of
“intellectual rigor” in testifying as he or she would employ when dealing with
similar matters outside the courtroom.*

The crux of the disagreement between the parties was whether extending the
trial judge’s Daubert gatekeeping function to all forms of expert testimony meant
that the trial judge would have to apply Daubert’s four-factor reliability test in all
cases. The defendant had stated at oral argument that the factors discussed in

47. Id. at 1176 (quoting Carmichael v. Samyang Tire, Inc., 131 F.3d 1433, 1435 (11th Cir. 1997),
cert. granted sub nom. Kumho Tire Co. v. Carmichael, 118 S. Ct. 2339 (1998), and rev’d, 119 S. Ct. 1167
(1999)). “We do not believe that Rule 702 creates a schematism that segregates expertise by type while
mapping certain kinds of questions to certain kinds of experts. Life and the legal cases that it generates
are too complex to warrant so definitive a match.” Id.

48. Id. at 1174.

49. Id.

50. Id. at 1178.

51. Id. at 1171 (“the law grants a district court the same broad latitude when it decides how to
determine reliability as it enjoys in respect to its ultimate reliability determination” (citing General Elec.
Co. v. Joiner, 522 U.S. 136, 143 (1997))).

52. Justice Stevens objected that this question had not been raised by the certiorari petition and
would have remanded the case to the court of appeals for a review of the record. Id. at 1180. He noted,
however, that he did “not feel qualified to disagree with the well-reasoned factual analysis” of the
question in Part III of the Court’s opinion. Id.

53. Id. at 1175. “In sum, Rule 702 grants the district judge the discretionary authority, reviewable
for its abuse, to determine reliability in light of the particular facts and circumstances of the particular
case.” Id. at 1179.

54. Id. at 1176.
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9955

Daubert were “always relevant.
categorically:

Justice Breyer’s opinion rejects this notion

The conclusion, in our view, is that we can neither rule out, nor rule in, for all cases and for
all time the applicability of the factors mentioned in Daubert, nor can we now do so for
subsets of cases categorized by category of expert or by kind of evidence. Too much
depends upon the particular circumstances of the particular case at issue.>

The Daubert factors “may” bear on a judge’s gatekeeping determinations,
however.”” The four Daubert factors ““may or may not be pertinent’”; it will all
depend “‘on the nature of the issue, the expert’s particular expertise, and the
subject of his testimony.”””*® Determining which factors are indicative of reliabil-
ity in a particular case cannot be accomplished solely by categorical a priori
characterizations about the particular field in question. The Court explained:
“Engineering testimony rests upon scientific foundations, the reliability of which
will be at issue in some cases. . . . In other cases, the relevant reliability concerns
may focus upon personal knowledge or experience.” In all cases, a court must
exercise its gatekeeping obligation so that the expert, whether relying on “pro-
fessional studies or personal experience,” will, when testifying, employ “the
same level of intellectual rigor” that the expert would use outside the court-
room when working in the relevant discipline.®

How this extremely flexible approach of the Court is to be applied emerges
in Part III of the opinion when the Court engages in a remarkably detailed
analysis of the record that illustrates its comment in Joiner that an expert must
account for “how and why” he or she reached the challenged opinion.®! The
Court refused to find that the methodology Carlson was advocating could never
be used by an expert testifying about tire failures:

[Clontrary to respondents’ suggestion, the specific issue before the court was not the rea-
sonableness in general of a tire expert’s use of a visual and tactile inspection to determine
whether overdeflection had caused the tire’s tread to separate from its steel-belted carcass.
Rather, it was the reasonableness of using such an approach, along with Carlson’s particular

55. See Ofticial Transcript at 11-16, Kumho Tire Co. v. Carmichael, 119 S. Ct. 1167 (1999) (No.
97-1709). Counsel for petitioner, after a series of questions based on the Daubert standards, finally
responded by saying, “The questions are always relevant, absolutely. That’s our point.” Id. at 16.

56. Kumho, 119 S. Ct. at 1175. Indeed, as is discussed further below, the Court stated that the
Daubert factors “do not all necessarily apply even in every instance in which the reliability of scientific
testimony is challenged.” Id.

57. Id. The Court answered the question of whether the four specific Daubert questions may be
considered by replying: “Emphasizing the word ‘may’ in the question, we answer that question yes.”
Id.

58. Id. (quoting Brief for United States as Amicus Curiae Supporting Petitioners at 19, Kumho Tire
Co. v. Carmichael, 119 S. Ct. 1167 (1999) (No. 97-1709)).

59. Id.

60. Id. at 1176.

61. See supra note 27 and accompanying text.
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method of analyzing the data thereby obtained, to draw a conclusion regarding the particu-
lar matter to which the expert testimony was directly relevant. That matter concerned the
likelihood that a defect in the tire at issue caused its tread to separate from its carcass.®?

The Court then discussed numerous case-specific facts that made it reason-
able for the district court to conclude in this case that Carlson’s testimony was
not reliable because “[i]t fell outside the range where experts might reasonably
difter, and where the jury must decide among the conflicting views of different
experts, even though the evidence is ‘shaky.””® The tire was old and repaired,
some of its treads “had been worn bald,” and Carlson had conceded that it
should have been replaced.®* Furthermore, although Carlson claimed that he
could determine by a visual and tactile inspection when a tire had not been
abused, thereby leading him to conclude that it was defective, the tire in ques-
tion showed some of the very marks that Carlson had identified as pointing to
abuse through overdeflection.®® Perhaps even more troublesome to the Court
was the fact that

the expert could not say whether the tire had traveled more than 10, or 20, or 30, or 40, or
50 thousand miles, adding that 6,000 miles was “about how far” he could “say with any
certainty.” The [district] court could reasonably have wondered about the reliability of a
method of visual and tactile inspection sufficiently precise to ascertain with some certainty
the abuse-related significance of minute shoulder/center relative tread wear differences,
but insufficiently precise to tell “with any certainty” from the tread wear whether a tire had
traveled less than 10,000 or more than 50,000 miles.56

The Court further noted that the district court’s confidence in Carlson’s meth-
odology might also have been lessened by “Carlson’s repeated reliance on the
‘subjectiveness’ of his mode of analysis” when questioned about his ability to
differentiate between an overdeflected tire and a tire that looks overdeflected,®’
and by the fact that Carlson had called the tire defective after looking at photo-
graphs of it and before he ever inspected it.*® Finally, the Court remarked that
there is no indication in the record that other experts, papers, or articles support
Carlson’s theory,® and that “no one has argued that Carlson himself, were he
still working for Michelin, would have concluded in a report to his employer
that a similar tire was similarly defective on grounds identical to those upon
which he rested his conclusion here.””

62. Kumho, 119 S. Ct. at 1177.

63. Id. (quoting Daubert v. Merrell Dow Pharms., Inc., 509 U.S. 579, 596 (1993)).
64. Id.

65. Id.

66. Id. (citation omitted).

67. Id.

68. Id.

69. Id. at 1178.

70. Id. at 1179.
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IV. The Implications of the Kumho Opinion
A. A Comparison of Kumho and Daubert

1. Differences in emphasis between Daubert and Kumho

Nothing the Supreme Court said in Kumho is explicitly inconsistent with what
it said in Daubert. As Justice Breyer’s opinion stated, Daubert described “the
Rule 702 inquiry as ‘a flexible one,””"!
tions do not constitute a ‘definitive checklist or test.””’”> Nevertheless, Kumniho
may indicate that the Court has somewhat backed away from laying down guide-
lines for particular categories of expert testimony. Certainly the Court’s opinion
does not support those who construed Daubert as creating a four-factor test for
scientific evidence, or those who thought that the Court might in subsequent
cases articulate classification schemes for other fields of expertise.”

The Court seems less absorbed in epistemological issues, in formulating gen-
eral rules for assessing reliability, or in fleshing out the implications of its having
singled out testability as the preeminent factor of concern. It appears less inter-
ested in a taxonomy of expertise and more concerned about directing judges to
concentrate on “the particular circumstances of the particular case at issue.””*
This flexible, nondoctrinaire approach is faithful to the intention of the drafters
of the Federal Rules of Evidence, who viewed Article VII as setting forth flexible
standards for courts to apply rather than rigid rules.

In Kumbho, the Court contemplated that there will be witnesses “whose ex-
pertise is based purely on experience,” and although it suggested that Daubert’s
questions may be helpful in evaluating experience-based testimony, it did not
single out testability as the preeminent factor of concern, as it did in Daubert.”
The Court offered the example of the “perfume tester able to distinguish among

and made “clear that the factors it men-

71. Id. at 1175 (quoting Daubert v. Merrell Dow Pharms., Inc., 509 U.S. 579, 594 (1993)).

72. Id. (quoting Daubert, 509 U.S. at 593).

73. Arvin Maskin, The Impact of Daubert on the Admissibility of Scientific Evidence: The Supreme Court
Catches Up with a Decade of Jurisprudence, 15 Cardozo L. Rev. 1929, 1934 (1994) (“some courts are
applying the four factors as if they were the definitive checklist or test.”); Bert Black et al., Science and the
Law in the Wake of Daubert: A New Search for Scientific Knowledge, 72 Tex. L. Rev. 715, 751 (1994)
(“Some commentators have read these observations as essentially constituting a new four-factor test . .
..”"). The oversimplification of Daubert as embodying a four-factor test may have been furthered by
commentaries that noted the nondefinitive nature of the factors but used them to organize their discus-
sion. See 1 Modern Scientific Evidence, supra note 4, § 1-3.3. The 1999 Pocket Part added a new § 1-
3.4[2], The Four-Factors of Daubert.

74. Kumho, 119 S. Ct. at 1175. The Court expressed agreement with the Brief of the Solicitor
General that the factors to use in making reliability determinations will depend “‘on the nature of the
issue, the expert’s particular expertise, and the subject of his testimony.”” Id. (quoting Brief for the
United States as Amicus Curiae Supporting Petitioners at 19, Kumho Tire Co. v. Carmichael, 119 S. Ct.
1167 (1999) (No. 97-1709)).

75. Id. at 1176.
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140 odors at a snift” and stated that at times it will “be useful” to ask such a
witness “whether his preparation is of a kind that others in the field would
recognize as acceptable.””® However, this is somewhat different, and much less
rigid, than conditioning testimony by perfume testers on objective standards
that establish whether perfume testers can do what they claim to be able to do.

It may also be significant that in Kumho the Court was silent about the dis-
tinction between admissibility and sufficiency. In the interim between Daubert
and Kumbho, disputes involving expert testimony have increasingly been addressed
as questions of admissibility. Because Daubert requires judges to screen expert
testimony, civil defendants make Daubert motions to exclude plaintift’s experts
prior to trial instead of waiting to move for judgment as a matter of law if the
verdict is unfavorable. Such an approach furthers both case-processing efficiency
and economy, as the in limine exclusion of expert proof may eliminate the need
for trial by making possible a grant of summary judgment.

In Daubert, the Court observed that when expert testimony is admitted, the
trial court “remains free to direct a judgment” if it concludes “that the scintilla
of evidence presented” is insufficient.”” The Court did not contemplate that a
district judge could exclude testimony that meets the “scintilla” standard if the
judge concludes that the proponent will not be able to meet its burden of per-
suasion on the issue to which the testimony relates. Nevertheless, the benefits of
economy and efficiency that accrue when expert proof is considered in the
context of admissibility determinations may tempt courts to consider sufficiency
when ruling on admissibility.”® Moreover, some opinions have held that the
“fit” prong of the Daubert test and the helpfulness standard of Rule 702 require
courts to exclude a plaintiff’s expert testimony that does not satisty the plaintift’s
substantive burden of proof on an issue.”” In Kumiho, the Supreme Court showed
no discomfort with this trend toward assessing issues regarding expert proof
through admissibility determinations; there is no reminder, as there is in Daubert,

76. Id.

77. Daubert v. Merrell Dow Pharms., Inc., 509 U.S. 579, 596 (1993).

78. In his book on the Bendectin litigation, Joseph Sanders suggests that such decisions may “un-
dermine a sophisticated approach to the question of scientific validity” and become troublesome prece-
dents in cases in which the issue in dispute is considerably closer. Joseph Sanders, Bendectin on Trial: A
Study of Mass Tort Litigation 195 (1998).

79. See, e.g., Daubert v. Merrell Dow Pharms., Inc., 43 F.3d 1311, 1320 (9th Cir.) (Daubert on
remand) (“In assessing whether the proftered expert testimony ‘will assist the trier of fact’ in resolving
this issue, we must look to the governing substantive standard, which in this case is supplied by Califor-
nia tort law.”), cert. denied, 516 U.S. 869 (1995); Hall v. Baxter Healthcare Corp., 947 F. Supp. 1387,
1398 (D. Or. 1996) (“Under Oregon law, the plaintiffs in this litigation must prove not merely the
possibility of a causal connection between breast implants and the alleged systemic disease, but the
medical probability of a causal connection.”).
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that if the admissibility test is satisfied, questions of sufficiency remain open for
resolution at trial.*

2. The role of “general acceptance” and the “intellectual rigor” test

Some early comments predicted that Kumho may result in a retreat from Daubert
and a resurrection of Frye because Kumho’s flexible approach and abuse-of-dis-
cretion standard authorize trial courts to rely on “general acceptance” as the
chief screening factor.®! Such an effect certainly does not seem to have been
intended by the Court. The enormous detail with which Justice Breyer de-
scribed steel-belted radial tires like the Carmichael tire (a sketch is appended to
the opinion), the particular characteristics of the ill-fated tire, and Carlson’s
proposed testimony would all have been unnecessary if the Court’s only consid-
eration was “general acceptance.” All the Court would have needed to say was
that workers in the tire industry did not use Carlson’s approach.®? Although the
Court in Kumho endorsed an extremely flexible test, it manifested no inclination
to return to Frye.

This misunderstanding about the role of “general acceptance” may have been
enhanced by a passage in which the Court acknowledged the significance of the
Daubert gatekeeping requirement:

The objective of that requirement is to ensure the reliability and relevancy of expert testi-
mony. It is to make certain that an expert, whether basing testimony upon professional
studies or personal experience, employs in the courtroom the same level of intellectual
rigor that characterizes the practice of an expert in the relevant field.®

This reference to “the same level of intellectual rigor that characterizes the
practice of an expert in the relevant field” is not synonymous with Frye’s insis-
tence on “general acceptance” of “the thing from which the deduction is made

.. in the particular field in which it belongs.”®* The difference between these

80. It should also be noted that as of this writing, a proposed amendment to Rule 702 is pending
before the Judicial Conference. It would require expert testimony to be “based upon sufficient facts or
data.” A possible interpretation of this phrase is that the expert’s testimony may be excluded if it would
not suffice to meet the profferor’s burden of persuasion on an issue. The advisory committee notes
accompanying the amendment include the following clarification: “The emphasis in the amendment
on ‘sufficient facts or data’ is not intended to authorize a trial court to exclude an expert’s testimony on
the ground that the court believes one version of the facts and not the other.”

81. See, e.g., Michael Hoenig, New York “Gatekeeping”: “Frye” and “Daubert” Coexist, N.Y. L.,
July 12, 1999, at 3 (“Kumho Tire says the general acceptance standard could be pivotal for trial judges
even when non-science or experience-based expert testimony is proffered.”); Joseph F. Madonia, Kumho
Tire Steers New Course on Expert-Witness Testimony, Chi. Daily L. Bull., July 2, 1999, at 5 (““Thus, while
superficially appearing to extend Daubert to an additional class of expert witnesses, Kumho Tire could just
as easily end up being an excuse for courts to avoid Daubert altogether.”).

82. See supra note 70 and accompanying text.

83. Kumbho Tire Co. v. Carmichael, 119 S. Ct. 1167, 1176 (1999).

84. Frye v. United States, 293 F. 1013, 1014 (D.C. Cir. 1923).
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two formulas—which epitomizes the contrast between Daubert and Frye—Dbe-
comes apparent if one looks at two Seventh Circuit opinions by Chief Judge
Posner in which the “intellectual rigor” standard was first employed.

In Rosen v. Ciba-Geigy Corp.,® the plaintift, a heavy smoker with a history of
serious heart disease, sued the manufacturer of a nicotine patch that his physi-
cian had prescribed in the hope of breaking the plaintiff’s cigarette habit. The
plaintiff continued to smoke while wearing the patch, despite having been told
to stop, and he suffered a heart attack on the third day of wearing the patch.

The district court dismissed the action, after excluding testimony by the
plaintift’s cardiologist, Dr. Harry Fozzard, a distinguished department head at
the University of Chicago, whose opinion was that the nicotine patch precipi-
tated the heart attack. The court of appeals aftirmed the decision. Chief Judge
Posner stated that Daubert’s object “was to make sure that when scientists testify
in court they adhere to the same standards of intellectual rigor that are de-
manded in their professional work,”* and he went on to explain why the dis-
trict judge had rightly concluded that the cardiologist’s proposed testimony did
not meet this standard:

Wearing a nicotine patch for three days, like smoking for three days, is not going to have
a significant long-run effect on coronary artery disease; that much is clear. In the long,
gradual progression of Rosen’s coronary artery disease those three days were a blink of the
eye. The patch could have had no significance for Rosen’s health, therefore, unless it
precipitated his heart attack in June of 1992. That is an entirely different question from
whether nicotine, or cigarettes, are bad for one’s arteries.

... Nowhere in Fozzard’s deposition is there an explanation of how a nicotine overdose
(for remember that Rosen was smoking at the same time that he was wearing the patch)
can precipitate a heart attack, or a reference to a medical or other scientific literature in
which such an effect of nicotine is identified and tested. Since Fozzard is a distinguished
cardiologist, his conjecture that nicotine can have this eftect and may well have had it on
Rosen is worthy of careful attention, even though he has not himself done research on the
effects of nicotine. But the courtroom is not the place for scientific guesswork, even of the
inspired sort. Law lags science; it does not lead it. There may be evidence to back up
Fozzard’s claim, but none was presented to the district court.®”

The difterence between the “intellectual rigor” standard and the “general
acceptance” standard is revealed even more clearly in Braun v. Lorillard, Inc.*® In
Braun, the plaintiff, who had mesothelioma, sued the manufacturer of his brand
of cigarettes on the ground that crocidolite asbestos fibers in the cigarettes’ filters
had caused his illness. The plaintiff died before trial, and his attorney sought to
introduce expert testimony that crocidolite asbestos fibers, the type of asbestos

85. 78 F.3d 316 (7th Cir.), cert. denied, 519 U.S. 819 (1996).
86. Id. at 318.
87. Id. at 319.
88. 84 F.3d 230 (7th Cir.), cert. denied, 519 U.S. 992 (1996).
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fibers most likely to cause mesothelioma, were found in the decedent’s lung
tissues. The plaintiff’s expert, Schwartz, regularly tested building materials; he
had never tested human or animal tissues for the presence of asbestos fibers, or
any other substance, before he was hired by the plaintiff’s lawyers. The expert
was hired after the plaintiff’s original experts, who regularly tested human tissue,
found nothing. The district court refused to permit testimony at trial concern-
ing the presence of crocidolite asbestos fibers, and the court of appeals affirmed
the decision. Chief Judge Posner explained that the Supreme Court in Daubert
held

that the opinion evidence of reputable scientists is admissible in evidence in a federal trial
even if the particular methods they used in arriving at their opinion are not yet accepted as
canonical in their branch of the scientific community. But that is only part of the holding
of Daubert.®

After quoting the “intellectual rigor” test articulated in Rosen, Judge Posner
stated that “[t]he scientific witness who decides to depart from the canonical
methods must have grounds for doing so that are consistent with the methods
and usages of his scientific community.”” That this is a different requirement
than the Frye test is shown by the sentences in the opinion that immediately
follow:

The district judge did remark at one point that Daubert requires that the expert’s method
be one “customarily relied upon by the relevant scientific community,” which is incorrect.
But she did not rest her decision to exclude his testimony on that ground. Her ground was
that Schwartz had testified “that he really didn’t have any knowledge of the methodology
that should be employed, and he still doesn’t have any information regarding the method-
ology that should be employed with respect to lung tissue. It seems to me that this witness
knows absolutely nothing about analyzing lung tissue and [for?] asbestos fibers.””!

The court explained further:

If, therefore, an expert proposes to depart from the generally accepted methodology of his
field and embark upon a sea of scientific uncertainty, the court may appropriately insist that
he ground his departure in demonstrable and scrupulous adherence to the scientist’s creed
of meticulous and objective inquiry. To forsake the accepted methods without even in-
quiring why they are the accepted methods—in this case, why specialists in testing human
tissues for asbestos fibers have never used the familiar high temperature ashing method—
and without even knowing what the accepted methods are, strikes us, as it struck Judge

Manning, as irresponsible.”

It is not enough, therefore, under the “intellectual rigor” test for experts to
venture hunches that they would never express or act upon in their everyday

89. Id. at 234.
90. Id.
91. Id.
92. Id. at 235.
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working lives. Experts must show that their conclusions were reached by meth-
ods that are consistent with how their colleagues in the relevant field or disci-
pline would proceed to establish a proposition were they presented with the
same facts and issues.

Chief Judge Posner’s exposition of the “intellectual rigor” test should not be
read as meaning that once a “canonical method” is identified, a court may never
inquire further into reliability. Clearly, in Kumho the Supreme Court wished to
avoid the result sometimes reached under Frye when testimony was admitted
once experts pointed to a consensus in a narrow field they had themselves estab-
lished.” In the course of discussing the inapplicability of Daubert factors in every
instance, the Court noted, “[nJor . . . does the presence of Dauberf’s general
acceptance factor help show that an expert’s testimony is reliable where the
discipline itself lacks reliability, as, for example, do theories grounded in any so-
called generally accepted principles of astrology or necromancy.”” The prob-
lem of determining when a discipline lacks reliability is discussed further be-

low.”

B. The Reaffirmation and Extension of Joiner’s Abuse-of-
Discretion Standard

1. The scope of the standard

In Kumho, the Supreme Court extended the Joiner abuse-of-discretion standard
to all decisions a trial judge makes in ruling on the admissibility of expert testi-
mony, including the procedures it selects to investigate reliability:

Our opinion in Joiner makes clear that a court of appeals is to apply an abuse-of-discretion
standard when “it reviews a trial court’s decision to admit or exclude expert testimony.”
That standard applies as much to the trial court’s decisions about how to determine reliabil-
ity as to its ultimate conclusion. Otherwise, the trial judge would lack the discretionary
authority needed both to avoid unnecessary “reliability” proceedings in ordinary cases
where the reliability of an expert’s methods is properly taken for granted, and to require
appropriate proceedings in the less usual or more complex cases where cause for question-
ing the expert’s reliability arises.?

The adoption of one standard of review for all determinations means that the
abuse-of-discretion standard applies even with regard to issues that transcend

93. See discussion of the development of voiceprint evidence in Andre A. Moenssens, Admissibility
of Scientific Evidence—An Alternative to the Frye Rule, 25 Wm. & Mary L. Rev. 545, 550 (1984) (“The
trend in favor of admitting voiceprints continued until a group of lawyers discovered that, in each case,
the same two or three experts had been the proponents who bestowed ‘general acceptance’ on the
technique.”).

94. Kumho Tire Co. v. Carmichael, 119 S. Ct. 1167, 1175 (1999).

95. See infra text accompanying notes 110-13.

96. Kumho, 119 S. Ct. at 1176 (citations omitted).
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the particular case, such as the validity of a new DNA typing procedure or
marker, or whether a particular substance is capable of causing particular diseases
or injuries. Some commentators believe that it is unwise to allow conclusions
about the soundness of a scientific theory or a theory’s general applications to
vary on a case-by-case basis; consequently, they advocate a de novo standard of
review for such issues.” For now, however, the standard of review required by
the Supreme Court is the same regardless of whether the trial court decided an
issue that may be common to many different cases,” such as general causation,
or an issue that relates only to the particular case, such as specific causation.
Ultimately, of course, a court may resort to judicial notice pursuant to Federal
Rule of Evidence 201 if a matter is sufficiently well established.

2. The possibility and consequences of intracircuit and intercircuit conflict

Since it is the trial court that is afforded this broad latitude to decide “how to test
an expert’s reliability” and “whether that expert’s relevant testimony is reliable,”
in theory judges are free to select different procedures and apply different factors
to a particular expert or type of expertise than their colleagues do in the same
district or circuit. As a consequence, similar cases could be resolved difterently
on the basis of inconsistent determinations about admissibility.'™ The extent to
which this will occur within circuits is not clear at this time. Even though the
abuse-of-discretion standard mandates deference to the trial court, it remains to
be seen to what extent the courts of appeals will acquiesce in district court
rulings on the admissibility of expert testimony.

Of particular interest is whether the appellate courts will exert more supervi-
sion, and reverse more frequently, when a ruling below admits rather than ex-
cludes evidence. Justices Scalia, O’Connor, and Thomas joined in a brief con-
curring opinion in Kumbho to warn that the abuse-of-discretion standard “is not
discretion to abandon the gatekeeping function” or “to perform the function
inadequately.”'" Because the Supreme Court docket is so limited, it is the courts
of appeals that will have the final word on the proper exercise of discretion by

97. See 1 Modern Scientific Evidence, supra note 4, § 1-3.5, at 19-20 (Supp. 1999).

98. Even with regard to an issue like general causation, the evidence being introduced may well
vary over time because science does not stand still. Furthermore, the issue in two individual cases may
not be the same. If in Case A the court allowed the plaintiff’s expert to testity on the basis of published
research that the plaintiff’s leukemia was caused by his 10-year exposure during childhood to Agent X,
this does not necessarily mean that the plaintift’s expert in Case B should be allowed to testify that the
plaintiff’s leukemia was caused by a one-year exposure to Agent X when she was in her forties. The
research on which the expert purports to rely still has to fit the facts of the case.

99. Kumbho, 119 S. Ct. at 1176 (empbhasis added).

100. See, e.g., the discussion in text accompanying notes 126—46 infra about opinions on causation
offered by clinical physicians.

101. Kumho, 119 S. Ct. at 1179. Justice Scalia’s opinion continued:
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trial judges in their circuits. Depending on the issue, deference to the trial court
may well be exercised difterently from circuit to circuit.

‘What is more likely than intracircuit conflicts, and indeed was possible even
under Daubert and led to the grant of certiorari in Kumho, is that the courts of
appeals will reach divergent conclusions about some of the unresolved issues
discussed in subsection C infra. A consequence of the latitude endorsed by Kumiho
may be an increase in forum-shopping as plaintifts seek a congenial circuit and a
sympathetic district judge. Defendants may also engage in forum-shopping by
removing cases to federal court that were originally brought in state court. Ul-
timately, if outcomes in federal court differ substantially from those in state
court, forum-shopping may arouse Erie concerns about deference to state sub-
stantive policy which the courts have ignored up to now.'” Of course, if rulings
on the admissibility of expert testimony lead to different outcomes in federal
cases brought under the diversity jurisdiction than in similar cases litigated in
state courts, state legislatures may react by modifying the applicable substantive
law on what has to be proved and thus bypass exclusionary evidentiary rul-
ings.!%

3. Procedures a trial judge may use in handling challenges to expert testimony

The Court explained in Kumbho that applying the abuse-of-discretion standard
to determinations of “how to test an expert’s reliability”'* gives the trial judge
broad latitude “to decide whether or when special briefing or other proceedings
are needed to investigate reliability.”'” This standard also allows the trial court
to make other choices about how to respond to a request to exclude expert
testimony, and to use mechanisms that would provide the court with needed
information in making its relevancy and reliability determinations.

In civil cases, a court might respond to a motion in limine by refusing to
undertake any reliability—relevancy determination until the movant has made a
prima facie showing of specific deficiencies in the opponent’s proposed testi-

Rather, it is discretion to choose among reasonable means of excluding expertise that is fausse and

science that is junky. Though, as the Court makes clear today, the Daubert factors are not holy writ, in

a particular case the failure to apply one or another of them may be unreasonable, and hence an abuse

of discretion.

Id.

102. See Michael H. Gottesman, Should Federal Evidence Rules Trump State Tort Policy?: The Federal-
ism Values Daubert Ignored, 15 Cardozo L. Rev. 1837 (1994).

103. In product liability design defect cases, for instance, if courts insist on too rigorous a standard
for technical experts, such as requiring absolute proof that an alternative design prototype exists, this
might garner support for a less demanding consumer expectation test. See James A. Henderson, Jr., &
Aaron D. Twerski, Intuition and Technology in Product Design Litigation: An Essay in Proximate Causation,
88 Geo. LJ. (forthcoming 2000).

104. Kumho, 119 S. Ct. at 1176 (emphasis added).

105. Id. See William W Schwarzer & Joe S. Cecil, Management of Expert Evidence, § IVA.A., in
this manual.
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mony.'" Although the burden of persuasion with regard to showing the admis-

sibility of expert testimony is clearly on the proponent, shifting the burden of
production to the party seeking to exclude the expert testimony may at times be
expeditious and economical. As the Court noted in Kumho, quoting from Fed-
eral Rule of Evidence 102, “the Rules seek to avoid ‘unjustifiable expense and
delay’ as part of their search for ‘truth’ and the ‘just determination’ of proceed-
ings.”l(ﬁ

Certainly, a trial court need not hold a full pretrial hearing in every case, and,
indeed, the trial judge in Kumho did not. However, in complex civil litigation
that has the potential to affect numerous persons, the trial court may conclude
that extensive evidentiary hearings are the most efficacious way for the court to
inform itself about the factors it will have to take into account in ruling on
admissibility. The facts of the case and the consequences of losing the in limine
motion will determine the extent of the opportunity the proponent of the ex-
pert must be given to present its case.'™

Trial judges also have discretion to avail themselves of the techniques Justice
Breyer described in his concurring opinion in Joiner: using court-appointed ex-
perts, special masters, and specially trained law clerks, and narrowing the issues
in dispute at pretrial hearings and conferences.'”

In a criminal case in which the defense challenges the prosecution’s expert
testimony, a trial court may choose to proceed differently than it would in a
civil case, in light of factors such as the narrower scope of discovery, the defense’s
lack of resources and need for expert assistance, and the government’s role in
developing the expertise that is now in question. As in civil cases, the court must
take into account the particular facts of the case. Whatever the district court
does, a clear message that emerges from the Court’s remarkably detailed factual
analysis in Kumbho 1is that the district court must explain its choices so that the
appellate court has an adequate basis for review.

C. Persistent Issues

The discussion below considers a number of difficult and recurring issues that
courts have had to face in ruling on the admissibility of expert testimony. The
impact of Kumho is considered.

106. See generally Margaret A. Berger, Procedural Paradigms for Applying the Daubert Test, 78 Minn.
L. Rev. 1345 (1994).

107. Kumho Tire Co. v. Carmichael, 119 S. Ct. 1167, 1176 (1999) (quoting Fed. R. Evid. 102).

108. See, e.g., Padillas v. Stork-Gamco, Inc., No. CIV.A.97-1853, 1999 WL 558113 (3d Cir.
1999) (trial court abused its discretion in excluding expert’s report without holding an in limine hearing
even though plaintift failed to request hearing).

109. See supra note 25.
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1. Determining if the expert’s field or discipline is reliable

As mentioned earlier,"" in Kumho, the Supreme Court anticipated that at times

proffered expert testimony may have to be excluded because the field to which
the expert belongs lacks reliability. However, other than singling out astrology
and necromancy as examples of disciplines whose theories would not be admis-
sible,'" the Court offered no guidance on how a court can properly reach this
conclusion.

a. Challenging an expert from a nonorthodox branch of a
traditional discipline

One context in which the problem of reliability arises is when practitioners of a
traditional discipline, such as medicine, find untenable claims by a nonconform-
ist branch, such as clinical ecology. Thus far, federal courts have sided with the
orthodox group and rejected the clinical ecologists’ theory that environmental
insults may cause people exposed to them to develop a “multiple-chemical sen-
sitivity” that makes them hypersensitive to certain substances.!'? Since Daubert,
decisions excluding the proposed testimony of a clinical ecologist have usually
been justified on the ground that the multiple-chemical sensitivity theory has
not been validated by testing. Although Kumho does not “rule in” testability as
a factor to be considered in all cases, neither does it “rule out” testability as a
reasonable criterion of reliability in an appropriate case.'” It is unlikely, there-
tore, that courts will handle clinical ecologists any difterently than before, un-
less, of course, new research substantiates their theories.

In the future, courts will have to deal with other theories put forth by nonor-
thodox factions in an established field. For instance, new claims resting on pos-
tulates of alternative medicine are sure to arise. It may be in this context—
determining the reliability of a novel hypothesis vouched for by a splinter group
of self~anointed experts whose views are not acceptable to the traditional major-
ity—that courts will find the full range of Daubert’s factors most helpful.

b. Challenging the reliability of a traditional field of expertise:

the forensic sciences
A somewhat different question arises when challenges are made to a field whose
practitioners have in the past routinely been permitted to testify as experts. How
much of an obligation does the Supreme Court’s emphasis on gatekeeping place

110. See supra note 94 and accompanying text.

111. 119 S. Ct. at 1175.

112. See surveys of federal case law in Summers v. Missouri Pac. R.R. Sys., 132 F.3d 599, 603
(10th Cir. 1997); Bradley v. Brown, 42 F.3d 434, 438-39 (7th Cir. 1994); Coftin v. Orkin Exterminat-
ing Co., 20 F. Supp. 2d 107, 109-11 (D. Me. 1998).

113. See supra note 56 and accompanying text.
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on the trial court? When, if ever, must the judge analyze proftered traditional
expertise to see whether it really is capable of furnishing reliable answers to
questions before the court?

In the wake of Daubert, with its emphasis on empirical validation, challenges
to reliability have been raised with regard to numerous techniques of forensic
identification, such as fingerprinting, handwriting analysis, ballistics, and bite-
mark analysis. DNA typing may well be the only area of forensic identification
in which research has been conducted in accordance with conventional scien-
tific standards."* In other areas, experts have in large measure relied on their
experience to arrive at subjective conclusions that either have not been vali-
dated or are not objectively verifiable.'"

These post-Daubert challenges to forensic identification have been largely
unsuccessful if looked at solely in terms of rulings on admissibility. Courts have
by and large refused to exclude prosecution experts. For instance, although a
number of scholars have challenged the ability of forensic document examiners
to identify the author of a writing,"® courts have permitted such experts to
testify even while expressing concern about the reliability of their methodol-
ogy.""” Before Kumho, some courts reached this result using an approach not
unlike that of the court of appeals in Kumho: The courts concluded that hand-
writing analysis is not a science, and that, therefore, Daubert—and the need for
empirical validation—is inapplicable.!"®

That courts continued to allow forensic identification experts to testify is not,
however, the whole story. It is clear that in the aftermath of Daubert, empirical
research has begun to examine the foundation of some forensic sciences.'"” It
would be a great pity if such efforts cease in the wake of Kumho because trial
judges have discretion to admit experience-based expertise. Even though the
Court’s opinion clearly relieves a judge from having to apply the Daubert factors
in a given case, it does not eliminate the fundamental requirement of “reliabil-
ity.” The post-Daubert debate on forensic techniques has identified many hy-
potheses that could be tested. A court has the power since the Kumho decision

114. See David H. Kaye & George F. Sensabaugh, Jr., Reference Guide on DNA Evidence, § IV.A—
B, in this manual.

115. For a detailed examination of these various techniques of forensic identification, see 1 & 2
Modern Scientific Evidence, supra note 4, §§ 15-1.0 to 26-2.3.

116. A widely cited article by D. Michael Risinger et al., Exorcism of Ignorance as a Proxy for Rational
Knowledge: The Lessons of Handwriting Identification “Expertise,” 137 U. Pa. L. Rev. 731 (1989), had
questioned the reliability of handwriting analysis prior to Daubert. The Court’s analysis in Daubert
seemed tailor-made for continuing the attack.

117. See, e.g., United States v. Starzecpyzel, 880 F. Supp. 1027, 1028-29 (S.D.N.Y. 1995).

118. See United States v. Jones, 107 F.3d 1147 (6th Cir.), cert. denied, 521 U.S. 1127 (1997).

119. See 1 & 2 Modern Scientific Evidence, supra note 4, §§ 1-3.4, 22-2.0 (commenting on the
solicitation of research proposals on the validity of handwriting analysis by the United States Depart-
ment of Justice, Office of Justice Programs, National Institute of Justice).
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to decide that particular Daubert factors, including testability and publication,
apply under “the particular circumstances of the particular case,” given the
significance of the issue to which the expert opinion relates and the ease with
which the reliability of the expert’s conclusions can be verified.'?

If research continues and courts focus more on the particular circumstances
of the case, as Kumho directs, they will perhaps draw more distinctions than they
generally do now in ruling on the admissibility of forensic identification exper-
tise. A court could rule, for instance, that a document examiner is capable of
reaching certain conclusions but not others. In other words, the issue might be
recast: rather than appraising the reliability of the field, courts would instead
question the ability of experts in that field to provide relevant, reliable testimony
with regard to the particular contested issue.'*!

2. Challenging an expert’s testimony to prove causation
a. Is evidence used in risk assessment relevant?

Not surprisingly, each of the cases in the Supreme Court’s trilogy involved the
proof of causation in either a toxic tort or product liability case. Causation is
frequently the crucial issue in these actions, which have aroused considerable
controversy because they often entail enormous damage claims and huge trans-
action costs. Particularly in toxic tort cases, proving causation raises numerous
complicated issues because the mechanisms that cause certain diseases and de-
fects are not fully understood. Consequently, the proof of causation may differ
from that offered in the traditional tort case in which the plaintiff details and
explains the chain of events that produced the injury in question. In toxic tort
cases in which the causal mechanism is unknown, establishing causation means
providing scientific evidence from which an inference of cause and effect may
be drawn. There are, however, numerous unresolved issues about the relevancy
and reliability of the underlying hypotheses that link the evidence to the infer-
ence of causation.

The facts of the Joiner case illustrate a number of issues that arise in proving
causation in toxic tort cases. Justice Stevens’ separate opinion assumes that evi-
dence that would be considered in connection with risk assessment is relevant in
proving causation in a toxic tort action, although the standard of proof might be
higher in a court of law.'? Consequently, he would have found no abuse of

120. See supra note 74 and accompanying text.

121. This issue is also certain to arise with respect to social scientists. The split in circuits about the
extent to which Daubert applies to the social sciences is also resolved by Kumho in the sense that the trial
court has a gatekeeping function with regard to this type of evidence as well. However, the extent to
which courts will choose to apply the Daubert factors to social scientists’ testimony remains an open
issue.

122. General Elec. Co. v. Joiner, 522 U.S. 136, 153-54 (1997) (“It is not intrinsically ‘unscientific’

32



Supreme Court’s Trilogy on Admissibility of Expert Testimony

discretion had the district court admitted expert testimony based on a method-
ology used in risk assessment, such as the weight-of-evidence methodology (on
which the plaintift’s expert claimed to rely), which pools all available informa-
tion from many different kinds of studies, taking the quality of the studies into
account.'” Combining studies across fields is even more controversial than pooling
the results of epidemiological studies in a meta-analysis, a statistical technique
that some find unreliable when used in connection with observational studies.'**
Of course, even if a court has no objection to the particular methodology’s
relevance in proving causation, it may disagree with how it was applied in the
particular case. As the Supreme Court said in Joiner, “nothing . . . requires a
district court to admit opinion evidence which is connected to existing data
only by the ipse dixit of the expert.”'

However, not all would agree with Justice Stevens’ assumption that what-
ever is relied upon in assessing risk is automatically relevant in proving causation
in a court of law. Proof of risk and proof of causation entail somewhat different
questions because risk assessment frequently calls for a cost—benefit analysis. The
agency assessing risk may decide to bar a substance or product if the potential
benefits are outweighed by the possibility of risks that are largely unquantifiable
because of presently unknown contingencies. Consequently, risk assessors may
pay heed to any evidence that points to a need for caution, rather than assess the
likelihood that a causal relationship in a specific case is more likely than not.

There are therefore those who maintain that high-dose animal studies have
no scientific value outside the context of risk assessment.'? These critics claim
that although such studies may point to a need for more research or extra cau-
tion, they are irrelevant and unreliable in proving causation because of the need
to extrapolate from the animal species used in the study to humans, and from the
high doses used in the study to the plaintift’s much lower exposure.

Both Kumho’s insistence on “the particular circumstances of the particular

case at issue”'?” and Joiner’s discussion of animal studies suggest, however, that

for experienced professionals to arrive at a conclusion by weighing all available scientific evidence. . . .
After all, as Joiner points out, the Environmental Protection Agency (EPA) uses the same methodology
to assess risks, albeit using a somewhat different threshold than that required in a trial.”) (footnote
omitted) (citing Brief for Respondents at 40—41, General Elec. Co. v. Joiner, 522 U.S. 136 (1997) (No.
96-188) (quoting EPA, Guidelines for Carcinogen Risk Assessment, 51 Fed. Reg. 33992, 33996 (1986))).

123. For a discussion of the weight-of-evidence methodology and arguments supporting its use to
prove causation in toxic tort cases, see Carl F. Cranor et al., Judicial Boundary Drawing and the Need for
Context-Sensitive Science in Toxic Torts after Daubert v. Merrell Dow Pharmaceuticals, Inc., 16 Va. Envtl.
LJ. 1, 6775 (1996).

124. See Michael D. Green et al., Reference Guide on Epidemiology § VI, in this manual.

125. Joiner, 522 U.S. at 146. See supra text accompanying note 32.

126. See, e.g., Phantom Risk: Scientific Inference and the Law 12 (Kenneth R. Foster et al. eds.,
1993).

127. See supra note 53 and accompanying text.
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the Court does not have a doctrinaire view on the risk-assessment-versus-causa-
tion debate. The Court is more interested in focusing on “how and why” cau-
sation could be inferred from the particular evidence being proffered than in
formulating per se rules about the admissibility or inadmissibility of categories of
evidence to prove causation. In Joiner, the district court had refused to allow the
plaintiff’s experts to testify on the basis of animal studies because the studies
varied so substantially from the facts of Joiner’s exposure. They had been done
with infant mice, who had been injected with much higher doses of PCBs than
those in the fluids the plaintiff had been exposed to at work, and the mice
developed a different type of cancer than the plaintift did. The Supreme Court
stated that Joiner failed to explain how the experts could have extrapolated from
these results, and instead chose “‘to proceed as if the only issue [was] whether
animal studies can ever be a proper foundation for an expert’s opinion.””'*® The
Supreme Court said that “[o]f course . . . was not the issue.'® The issue was
whether these experts’ opinions were sufficiently supported by the animal stud-
ies on which they purported to rely.”!*

Obviously the match between the results in the animal studies and Joiner’s
disease would have been closer if the studies had been conducted on adult mice
who had developed tumors more similar to his. However, reliance on animal
studies is always going to require some extrapolation—from animals to humans,
from the high doses the subjects are given to the plaintiff’s much lower expo-
sure. Does this mean that a district court will always be justified in exercising its
discretion to exclude animal studies? Would the decision of the district court in
Joiner have been affirmed if the court had admitted the studies? How does the
nature and extent of other proof of causation affect the admissibility determina-
tion? Is such a ruling appropriate if no epidemiological studies have been done
and the plaintiff’s proof consists almost exclusively of animal studies that match
the plaintiff’s circumstances far more substantially than did those in Joiner? In
such a case, is it appropriate to exclude testimony about animal studies because
the court has concluded that it would grant judgment as a matter of law on the
ground of insufficiency?

b. May clinical physicians testify on the basis of differential diagnoses?

Judges disagree on whether a physician relying on the methodology of clinical
medicine can provide adequate proof of causation in a toxic tort action. Recent
cases in the Fifth and Third Circuits illustrate very different approaches to this
issue.

128. Joiner, 522 U.S. at 144 (quoting Joiner v. General Elec. Co., 864 F. Supp. 1310, 1324 (N.D.
Ga. 1994), rev’d, 78 F.3d 524 (11th Cir. 1996), and rev’d, 522 U.S. 136 (1997)).

129. Id.

130. Id.
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In the Fifth Circuit, two single-plaintiff toxic tort cases, one decided before
Kumho and one after it, suggest that the court will permit a medical expert to
testify about causation only if sufficient proof exists that the medical establish-
ment knows how and at what exposures the substance in question can cause the
plaintiff’s alleged injuries or disease. In Black v. Food Lion, Inc.,"
decided after Kumho, the appellate court reversed the decision of a trial judge
who admitted testimony by a medical expert that the plaintiff’s fall in the
defendant’s grocery store had caused her to develop fibromyalgia, a syndrome
characterized by chronic fatigue, insomnia, and general pain. The expert had
followed the approved protocol for determining fibromyalgia, but the appellate
court found that there is no known etiology for fibromyalgia, which the expert
conceded.' It was therefore scientifically illogical, and an instance of “post-hoc
propter-hoc reasoning” for the expert to conclude that the disease must have
been caused by the fall because she had eliminated all other possible causes.'*’
The court then stated:

which was

The underlying predicates of any cause-and-eftect medical testimony are that medical sci-
ence understands the physiological process by which a particular disease or syndrome de-
velops and knows what factors cause the process to occur. Based on such predicate knowl-
edge, it may then be possible to fasten legal liability for a person’s disease or injury.!3

The court then held that since neither the expert nor medical science knows
“the exact process” that triggers fibromyalgia, the expert’s “use of a general
methodology cannot vindicate a conclusion for which there is no underlying
medical support.”'?®

Furthermore, the Fifth Circuit found that it was not an abuse of discretion to
exclude the expert’s opinion even when the expert pointed to some support for
finding causation. In Moore v. Ashland Chemical, Inc.,"* the plaintiff claimed that
he developed a reactive airways disorder (RAD) after a defendant negligently
caused him to clean up a chemical compound spill without proper safety pre-
cautions. The district court entered judgment for the defendants after the jury

131. 171 F.3d 308 (5th Cir. 1999).

132. Id. at 313.

133. Id.

134. Id. at 314. This language would seemingly rule out proof through epidemiological or animal
studies unless the disease process is understood. Of course, this was a single-plaintiff case, so perhaps the
court is limiting itself to that kind of case.

135. Id. The court faulted the trial court’s exercise of its discretion:

If the magistrate judge thought he was applying Daubert, however, he fatally erred by applying its
criteria at a standard of meaninglessly high generality rather than boring in on the precise state of
scientific knowledge in this case. Alternatively, if the magistrate judge decided to depart from Daubert,
he failed to articulate reasons for adopting the test he used. In particular, he failed to show why an
alternate test was necessary to introduce “in the courtroom the same level of intellectual rigor that

characterizes the practice of an expert in the relevant field.”

Id. (quoting Kumho Tire Co. v. Carmichael, 119 S. Ct. 1167, 1176 (1999)).
136. 151 F.3d 269 (5th Cir. 1998) (en banc), cert. denied, 119 S. Ct. 1454 (1999).
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found that the plaintiff’s injury had not been caused by the defendants’ negli-
gence. A divided panel of the Fifth Circuit reversed the decision because the
trial court had not allowed one of the plaintiff’'s medical experts to state his
opinion that exposure to the spill had caused the plaintiff’s illness.'*” On a re-
hearing en banc, a divided court found that the district court had not abused its
discretion in excluding the opinion.

The majority stated that the trial court could properly conclude that the
material safety data sheet that warned that the solution in question could cause
respiratory problems had limited value because it did not specify the level of
exposure necessary to cause injuries, and in any event, the plaintiff’s expert did
not know how much exposure there had been."® A study showing the effects of
fumes could be discounted because the level and duration of the exposure were
greater."”” The temporal connection between the spill and the onset of symp-
toms was entitled to little weight.'* The expert’s opinion, based on his experi-
ence, that any irritant could cause RAD in a susceptible subject was inadequate
because it had not been confirmed by the Daubert factors.!*! The court assumed
that in resolving an issue of medical causation, a court must apply the scientific
method, and “[t]his requires some objective, independent validation of the expert’s
methodology. The expert’s assurances that he has utilized generally accepted
scientific methodology is [sic] insufficient.”!*

Although Kumho suggests that there is no scientific method that must be
applied to a particular issue without taking the circumstances of the case into
account, the Fifth Circuit in Black stated that Kumho’s “reasoning fully supports
this court’s en banc conclusion in Moore that Daubert analysis governs expert
testimony.”' Do Moore and Black read together mean that a trial court will
always be found to have abused its discretion if it permits a treating physician to
testify about general causation in a case in which no consensus exists about
causation on the basis of prior studies? The dissenting judges in Moore apparently
thought so; they objected that under the majority’s approach, a plaintift will
never be able to win a case involving chemical compounds that have not been

137. Moore v. Ashland Chem., Inc., 126 F.3d 679 (5th Cir. 1997) (panel opinion). The trial court
had admitted the second treating physician’s causation opinion even though it relied heavily on the
opinion of the expert whose causation testimony was excluded and relied essentially on the same data.
Id. at 683. The appellate court sitting en banc supposed that the district court had done so because the
second physician was the actual treating physician and because he had relied on one study in a medical
journal. In view of the verdict, the defendants had not raised the propriety of this ruling on appeal. 151
F.3d at 273-74.

138. 151 F.3d at 278.

139. Id. at 278-79.

140. Id. at 278.

141. Id. at 279.

142. Id. at 276.

143. Black v. Food Lion, Inc., 171 F.3d 308, 310 (5th Cir. 1999) (citing Moore v. Ashland Chem.,
Inc., 151 F.3d 269, 275 n.6 (5th Cir. 1998) (en banc), cert. denied, 119 S. Ct. 1454 (1999)).
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thoroughly tested.'** In contrast, the concurring judge in Moore thought that the
district judge would not have abused her discretion in admitting the excluded
opinion on causation, and would “not read the majority opinion to require
7% How the Fifth Circuit will treat this issue in future cases is not
clear, but certainly a district court that admits a physician’s causation testimony
without a detailed exploration and explanation for doing so can expect its deci-
sion to be reversed.'* In light of Kumho’s insistence on paying heed to the
particular circumstances of the case, courts may be more willing to allow treat-
ing physicians’ causation testimony that is based on a differential diagnosis when
the etiology of the condition is understood even though no published epide-

miological or toxicological studies implicate the defendant’s product in causing
147

otherwise.

harm.

The Third Circuit’s opinion on testimony by medical experts is at the oppo-
site end of the spectrum. In Heller v. Shaw Industries, Inc.,'* the plaintiff claimed
that her respiratory problems were caused by volatile organic compounds (VOCs)
emitted by a carpet manufactured by the defendant. After an extensive in limine
hearing, the trial court excluded the testimony of the plaintiff’s key expert and
granted summary judgment. The appellate court, in an opinion by Judge Becker,
agreed that the trial court had properly excluded the testimony of an industrial
hygienist that sought to show that the carpet was the source of the VOCs in the
plaintiff’s home, and that consequently summary judgment was proper."* But
the court wrote an extensive opinion on why the district judge erred in also
excluding the plaintiff’s medical expert.'™ Its conclusion is clearly at odds with
what the Fifth Circuit said in Moore and Black:

Assuming that Dr. Papano conducted a thorough differential diagnosis . . . and had thereby
ruled out other possible causes of Heller’s illness, and assuming that he had relied on a valid
and strong temporal relationship between the installation of the carpet and Heller’s prob-
lems . . ., we do not believe that this would be an insufficiently valid methodology for his
reliably concluding that the carpet caused Heller’s problems.

144. Moore, 151 F.3d at 281.

145. Id. at 279.

146. See Tanner v. Westbrook, 174 F.3d 542 (5th Cir. 1999), a Fifth Circuit opinion on the
admissibility of causation testimony by clinical physicians, in which the appellate court reversed the trial
court’s judgment after finding insufficient support in the record for the expert’s conclusion that birth
asphyxia was more likely than not the cause of an infant’s cerebral palsy. The court remanded the case,
however, stating, “Whether this weakness is a by-product of the absence of exploration of the Daubert
issues at a pretrial hearing, we do not know. Nor do we know if his opinion is supportable.” Id. at 549.

147. Cf. Westberry v. Gislaved Gummi AB, 178 F.3d 257, 261-65 (4th Cir. 1999) (treating phy-
sician properly permitted to testify that breathing airborne talc aggravated plaintiff’s preexisting sinus
condition; no epidemiological studies, animal studies, or laboratory data supported the expert’s conclu-
sions; the opinion surveys cases in which courts have admitted testimony based on differential diag-
noses).

148. 167 F.3d 146 (3d Cir. 1999).

149. Id. at 159-65.

150. Id. at 153-59.
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.. .[W]e do not believe that Daubert . . . require[s] a physician to rely on definitive
published studies before concluding that exposure to a particular object or chemical was
the most likely cause of a plaintiff’s illness. Both a difterential diagnosis and a temporal
analysis, properly performed, would generally meet the requirements of Daubert . . . ."*!

Judge Becker was writing before Kumho. We do not know yet how much
precedential weight a district court in the Third Circuit will feel impelled to
accord the dictum in Heller in future cases and whether the decision of a district
court will be reversed if it excludes testimony on causation by a treating physi-
cian because of a lack of published studies. Nor is it clear that all panels of the
Fifth Circuit will follow Black in treating a district court’s admission of testi-
mony by a treating physician as an abuse of discretion. At this time, the possibil-
ity of an intercircuit conflict plainly exists.

V. Conclusion

In Kumbho, the Supreme Court extended the trial judge’s gatekeeping obligation
concerning expert testimony that it first discussed in Daubert. All expert testi-
mony, not just testimony that rests on scientific principles, is now subject to
screening to ensure that it is relevant and reliable. The choice of proceedings
needed to make this determination lies in the trial court’s discretion.

The Court endorsed a nondoctrinaire, flexible approach that requires district
courts to focus “upon the particular circumstances of the particular case at is-
sue.”’ The Court did not develop further the technique it used in Daubert of
pointing to particular factors that spell out reliability with regard to a particular
kind of expertise. That is not to say that the factors discussed in Dauberf are now
irrelevant. They “may or may not be pertinent,”'®® even with regard to expert
scientific proof, depending on the issue, the expertise in question, and the sub-
ject of the expert’s testimony. The choice of factors to be used in determining
reliability is also left to the trial court’s discretion.

The enormous scope and open-ended nature of Kumho guarantee that battles
over the admissibility of expert testimony will continue. Numerous issues re-
main unresolved, and the possibility exists that splits in the circuits will result,
particularly in connection with the proof of causation in toxic tort cases, the
question that engaged the Court’s interest in expert testimony in the first place.
It remains to be seen whether the trilogy of opinions completed by Kumho will
constitute the Court’s final statement on the subject of expert proof.

151. Id. at 154.
152. Kumbho Tire Co. v. Carmichael, 119 S. Ct. 1167, 1175 (1999).
153. Id. at 1170.
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I. Introduction*

The purpose of this chapter—augmented by other parts of this manual—is to
assist judges in effectively managing expert evidence that involves scientific or
technical subject matter. Since the Supreme Court’s decisions in Daubert v. Merrell
Dow Pharmaceuticals, Inc.'" and Kumho Tire Co. v. Carmichael,> management of
expert evidence is now an integral part of proper case management. Under
those decisions, the district judge is the gatekeeper who must pass on the
sufficiency of proffered evidence to meet the test under Federal Rule of Evi-
dence 702. The judge’s performance of the gatekeeper function will be inter-
twined with his or her implementation of Federal Rule of Civil Procedure 16.
This chapter is intended to provide guidance to judges in carrying out those
tasks. It focuses on pretrial management as it relates to expert evidence; matters
pertaining to generic management are covered in the Federal Judicial Center’s
Manual for Complex Litigation, Third and its Manual for Litigation Management and
Cost and Delay Reduction.* This chapter should be read in conjunction with
Margaret A. Berger’s chapter, The Supreme Court’s Trilogy on the Admissibil-
ity of Expert Testimony, which discusses the Supreme Court’s recent decisions
on expert testimony, and the reference guides for individual areas of scientific
evidence.

II. The Initial Conference
A. Assessing the Case

The court’s first contact with a case usually is at the initial Rule 16 conference.
To comply with Federal Rule of Civil Procedure 26(f), the attorneys should
have met previously to discuss the nature and basis of their claims and defenses,
develop a proposed discovery plan, and submit to the court a written report
outlining the plan. Because it cannot be assumed that attorneys will always com-
ply with that requirement, the court should ensure that they do. Conferring

* We are grateful for the assistance of Andrea Cleland, Robert Nida, Ross Jurewitz, Dean Miletich,
Kristina Gill, and Tom Willging in preparing this chapter.

1. 509 U.S. 579 (1993).

2. 119 S. Ct. 1167 (1999).

3. See General Elec. Co. v. Joiner, 522 U.S. 136, 149 (1997) (Breyer, J., concurring):

[JJudges have increasingly found in the Rules of Evidence and Civil Procedure ways to help them overcome

the inherent difficulty of making determinations about complicated scientific or otherwise technical evi-

dence. Among these techniques are an increased use of Rule 16’s pretrial conference authority to narrow the

scientific issues in dispute, pretrial hearings where potential experts are subject to examination by the court,

and the appointment of special masters and specially trained law clerks.

4. See generally Manual for Complex Litigation, Third (Federal Judicial Center 1995) [hereinafter
MCL 3d]; Litigation Management Manual (Federal Judicial Center 1992).
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with each other and preparing the report will require the attorneys to focus on
the issues in the case. Their report, together with the pleadings, should enable
the judge to form a preliminary impression of the case and help him or her
prepare for the conference. Rule 16(c)(4) specifically provides for consideration
at the conference of the need for expert testimony and possible limitations on its
use.’

Scientific evidence is increasingly used in litigation as science and technology
become more pervasive in all aspects of daily life. Such evidence is integral to
environmental, patent, product liability, mass tort, and much personal injury
litigation, and it is also common in other types of disputes, such as trade secret,
antitrust, and civil rights. Scientific evidence encompasses so-called hard sci-
ences (such as physics, chemistry, mathematics, and biology) as well as soft sci-
ences (such as economics, psychology, and sociology), and it may be offered by
persons with scientific, technical, or other specialized knowledge whose skill,
experience, training, or education may assist the trier of fact in understanding
the evidence or determining a fact in issue.®

The initial conference should be used to determine the nature and extent of
the need for judicial management of expert evidence in the case. The court
should therefore use the conference to explore in depth what issues implicate
expert evidence, the kinds of evidence likely to be oftered and its technical and
scientific subject matter, and anticipated areas of controversy. Some cases with
little prospect for complexity will require little management. However, if the
expert evidence promises to be protracted or controversial, or addresses novel
subjects that will challenge the court’s and the jury’s comprehension, the court
should focus on management of expert testimony as part of a coordinated case-
management strategy. The court will also want to inquire into whether the
science involved is novel and still in development, or whether the scientific
issues have been resolved in prior litigation and whether similar issues are pend-
ing in other litigation.

5. The advisory committee’s note states that the rule is intended to “clarify that in advance of trial
the court may address the need for, and possible limitations on, the use of expert testimony . . ..” Fed.
R. Civ. P. 16(c)(4) advisory committee’s note.

6. See Fed. R. Evid. 702. The Judicial Conference of the United States has approved proposed
amendments to Rule 702 which, if enacted, would permit expert testimony “if (1) the testimony is
based upon sufficient facts or data, (2) the testimony is the product of reliable principles and methods,
and (3) the witness has applied the principles and methods reliably to the facts of the case.” Proposed
Amendments to the Federal Rules of Evidence (visited Mar. 21, 2000) <http://www.uscourts.gov/
rules/propevid.pdf>. For a breakdown of experts appearing in federal courts, see Molly Treadway
Johnson et al., Problems of Expert Testimony in Federal Civil Trials (Federal Judicial Center forthcom-
ing 2000). For a breakdown of experts appearing in state courts, see Anthony Champagne et al., Expert
Witnesses in the Courts: An Empirical Examination, 76 Judicature 5 (1992); Samuel R. Gross, Expert
Evidence, 1991 Wis. L. Rev. 1113.
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B. Defining and Narrowing the Issues

The objective of the initial conference should be to define and narrow the issues
in the litigation. Although it will generally not be possible to arrive at a definitive
statement of the controverted issues at the outset, it is essential that the process
begin early in the litigation. In cases presenting complex scientific and technical
subject matter, the court and parties must focus on the difficult task of defining
disputed issues in order to avoid unnecessarily protracting the litigation, gener-
ating confusion, and inviting wasteful expense and delay. Usually the judge will
need to be educated at the outset about the science and technology involved.
Because parties often underestimate the need for judicial education, the judge
should raise the matter and explore available options, such as the use of tutorials,
advisors, or special masters. Whatever arrangements are made for initial educa-
tion, it is preferable that they be by stipulation. If an advisor is to be used, the
parameters of the advisor’s relationship to the judge should be defined, such as
permissible ex parte communications and limits on discovery.” When a tutorial
is arranged, it should be videotaped or transcribed so that the judge can review
it as the litigation proceeds.

Although the judge will be in unfamiliar territory, that should not be a deter-
rent to taking charge of the issue-definition process. There is no better way to
start than by asking basic questions of counsel, then exploring underlying as-
sumptions and probing into the nature of the claims and defenses, the theories of
general and specific causation, the anticipated defenses, the expert evidence ex-
pected to be offered, and the areas of disagreement among experts. The object
of this exercise should be education, not argument; all participants should be
given an opportunity to learn about the case. By infusing the conference with a
spirit of inquiry, the court can set the tone for the litigation, encouraging clarity,
candor, and civility.

The tollowing are some additional considerations for the conduct of the Rule
16 conference.

1. Have the parties retained testifying experts?

In some cases where settlement is likely, parties may wish to defer retaining
experts, thereby avoiding unnecessary expense. If the case can make progress
toward resolution without early identification of experts (for example, if par-
ticular nonexpert discovery could provide a basis for settlement), the expert
evidence issues can be deferred. On the other hand, deferring identification of
experts until the eve of trial can be costly. In a medical malpractice case, for
example, expert evidence is essential to resolve the threshold issue whether the
defendant conformed to the applicable standard of practice; without such evi-
dence, the plaintift has no case.

7. See infra § VILA.
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2. When should the parties exchange experts’ reports?

Federal Rule of Civil Procedure 26(a)(2) requires parties to make detailed writ-
ten disclosures with respect to each expert retained to testify at trial, including a
complete statement of all opinions to be expressed, the basis and reasons sup-
porting the opinions, and the data or other information considered by the wit-
ness in forming the opinions.® The rule requires the disclosures to be made not
less than ninety days before trial or at such other time as the judge may order.
The experts’ reports will obviously be helpful in identifying issues, but because
their preparation is expensive, they should not be required until progress has
first been made in narrowing issues to the extent possible. Thus, if the confer-
ence discloses that a particular scientific issue is not in dispute, no evidence (and
no disclosure) with respect to it will be needed.

Usually the party bearing the burden at trial should make the first disclosure,
and the other party should respond. There may also be reason to schedule the
disclosures in accordance with the sequence in which issues are addressed. For
example, in patent cases, expert disclosures relating to claims construction’ may
be called for early, whereas disclosures relating to infringement and damages are
deferred. The judge should therefore consider at the conference when and in
what sequence these disclosures should be made.

3. How should the court follow up on the parties’ disclosures?

Once the disclosures are in hand, a follow-up Rule 16 conference may be useful
to pursue further issue identification and narrowing of disputed issues. If the
disclosures indicate disagreements between experts on critical points, the judge
should attempt to identify the bases for their differences. Frequently differences
between experts rest on tacit assumptions, such as choices among policies, selec-
tion of statistical data or databases, judgments about the level of reasonable risk,
or the existence of particular facts. It may be useful to require that the experts be
present at the conference to assist in the process of identifying the bases for their
disagreements. Focused discovery may be helpful in resolving critical differences
between experts that rest on their differing assessments or evaluations of test
results.

4. Is there a need for further clarification?

Litigation will often involve arcane areas of science and technology that have a
language which is foreign to the uninitiated. Although the lawyers are respon-
sible for making the issues and the evidence comprehensible, they do not always
succeed. In such cases, to arrive at informed decisions about the management of
the litigation, as indicated above, the judge may need to seek assistance during

8. Fed. R. Civ. P. 26(a)(2)(B). See also infra § IIL.A.
9. See Markman v. Westview Instruments, Inc., 517 U.S. 370 (1996).
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the pretrial phase of the litigation. Aside from using court-appointed experts,'

the judge may arrange for a neutral expert to explain the fundamentals of the
science or technology and make critical evidence comprehensible. Such experts
have been used successfully to conduct tutorials for the judge and also for the
jury before the presentation of evidence at trial; their utility depends on their
ability to maintain objectivity and neutrality in their presentation.

C. Use of the Reference Guides

The process of defining issues should lead to the narrowing of issues. Some
elements of the case may turn out not to be in dispute. For example, there may
be no controversy about a plaintift’s exposure to an allegedly harmful substance,
allowing that issue to be eliminated. Conversely, the plaintiff’s ability to estab-
lish the requisite exposure may appear to be so questionable that it might use-
fully be singled out for early targeted discovery'! and a possible motion in limine
or a motion for summary judgment.'> Unless the judge takes the lead in probing
for issues that may not be in dispute, or that may lend themselves to early reso-
lution, the case is likely to involve much unnecessary work, cost, and delay.

The conclusions of a witness offering scientific testimony will generally be
the product of a multistep reasoning process. By breaking down the process, the
judge may be able to narrow the dispute to a particular step in the process, and
thereby facilitate its resolution. Those steps, while generally not intuitively obvious
to the nonexpert, may be identified in the process of issue identification. Once
the steps have been identified, it can readily be determined which ones are in
dispute. As noted, the initial Rule 16 conference may be too early for the parties
to be adequately prepared for this process. Nevertheless, the stage should at least
be set for the narrowing of issues, though the process may continue as the litiga-
tion progresses.

The reference guides in this manual are intended to assist in the process of
narrowing issues in the areas they cover.” By way of illustration, the Reference
Guide on Survey Research facilitates narrowing a dispute over proftered evi-
dence by dividing and breaking the inquiry into a series of questions concerning
the purpose of the survey, identification of the appropriate population and sample
frame, structure of the questions, recording of data, and reporting. For example,
proftered survey research may be subject to a hearsay objection. Thus, it is

10. See infra § VILA.

11. MCL 3d, supra note 4, § 21.424.

12. See, e.g., Celotex Corp. v. Catrett, 477 U.S. 317 (1986). See also William W Schwarzer et al.,
The Analysis and Decision of Summary Judgment Motions: A Monograph on Rule 56 of the Federal
Rules of Civil Procedure (Federal Judicial Center 1991).

13. The reference guides are not intended to be primers on substantive issues of scientific proof or
normative statements on the merits of scientific proof. See the Preface to this manual.
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critical to determine whether the purpose of the particular survey is to prove the
truth of the matter asserted or only the fact of its assertion.

Each of these issues is then broken into a series of suggested questions that
will enable the judge to explore the methodology and reasoning underlying the
expert’s opinion. For example, the questions concerning identification of the
appropriate population and sample frame are as follows:

1. Was an appropriate universe or population identified?

2. Did the sampling frame approximate the population?

3. How was the sample selected to approximate the relevant characteristics of

the population?

4. Was the level of nonresponse sufficient to raise questions about the repre-

sentativeness of the sample?

5. What procedures were used to reduce the likelihood of a biased sample?

6. What precautions were taken to ensure that only qualified respondents

were included in the survey?

The other reference guides cover additional areas in which expert evidence is
frequently offered and disputed.

* The Reference Guide on Statistics identifies three issues: the design of the
data-collection process, the extraction and presentation of relevant data,
and the drawing of appropriate inferences.

* The Reference Guide on Multiple Regression identifies issues concerning
the analysis of data bearing on the relationship of two or more variables, the
presentation of such evidence, the research design, and the interpretation of
the regression results.

* The Reference Guide on Estimation of Economic Losses in Damages Awards
identifies issues concerning expert qualification, characterization of the harm-
ful event, measurement of loss of earnings before trial and future loss, pre-
judgment interest, and related issues generally and as they arise in particular
kinds of litigation.

* The Reference Guide on Epidemiology identifies issues concerning the
appropriateness of the research design, the definition and selection of the
research population, the measurement of exposure to the putative agent,
the measurement of the association between exposure and the disease, and
the assessment of the causal association between exposure and the disease.

* The Reference Guide on Toxicology identifies issues concerning the na-
ture and strength of the research design, the expert’s qualifications, the
proof of association between exposure and the disease, the proof of causal
relationships between exposure and the disease, the significance of the
person’s medical history, and the presence of other agents.
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* The Reference Guide on Medical Testimony describes the various roles of
physicians, the kinds of information that physicians consider, and how this
information is used in reaching a diagnosis and causal attribution.

The Reference Guide on DNA Evidence offers an overview of scientific
principles that underlie DNA testing; basic methods used in such testing;
characteristics of DNA samples necessary for adequate testing; laboratory
standards necessary for reliable analysis; interpretation of results, including
the likelihood of a coincidental match; and emerging applications of DNA
testing in forensic settings.

The Reference Guide on Engineering Practice and Methods describes the
nature of engineering, including the issues that must be considered in de-
veloping a design, the evolution of subsequent design modifications, and
the manner in which failure influences subsequent design.

The scope of these reference guides is necessarily limited, but their format is
intended to suggest analytical approaches and opportunities that judges can use
in identifying and narrowing issues presented by controversies over scientific
evidence. A judge may, for example, ask counsel for both sides to exchange and
provide to the court a step-by-step outline of the experts’ reasoning processes
(following generally the pattern of the reference guides) for use at the confer-
ence at which issue definition and narrowing is discussed. If the written state-
ments of expert opinions required by Federal Rule of Civil Procedure 26(a)(2)
have been exchanged, the judge could direct each side to identify specifically
each part of the opposing expert’s opinion that is disputed and to state the spe-
cific basis for the dispute. After receipt of these statements, another conference
should be held to attempt to narrow the issues.

D. Limitations or Restrictions on Expert Evidence

Federal Rule of Civil Procedure 16(c)(4) contemplates that the judge will con-
sider the “avoidance of unnecessary proof and of cumulative evidence” as well
as “limitations or restrictions on the use of testimony under Rule 702 of the
Federal Rules of Evidence.” In the course of defining and narrowing issues, the
court should address the following matters.

1. The need for expert evidence

As discussed above, the issue-narrowing process may disclose that areas other-
wise appropriate for expert testimony are not disputed or not disputable, such as
whether exposure to asbestos is capable of causing lung cancer and mesothe-
lioma (i.e., general causation). Expert evidence should not be permitted on
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issues that are not disputed or not disputable." Nor should it be permitted on
issues that will not be assisted by such evidence. This would be true, for ex-
ample, of expert testimony offered essentially to embellish the testimony of fact
witnesses, such as testimony about the appearance of an injured party in a crash.
Sometimes the line between needed and unneeded testimony is less clear. In
patent cases, for example, attorneys expert in patent law may offer testimony on
claims construction or patent office procedures. The court needs to balance the
competing interests under Federal Rule of Civil Procedure 1, which is intended
to bring about the just, speedy, and inexpensive resolution of disputes. While
each party is entitled to make its best case, the court has an obligation to expe-
dite the litigation in fairness to all parties. Accordingly, the need for particular
expert testimony should be established before it is permitted.

2. Limiting the number of experts

Some local rules and standing orders limit parties to one expert per scientific
discipline. Ordinarily it should be sufficient for each side to present, say, a single
orthopedist, oncologist, or rehabilitation specialist. However, as science increases
in sophistication, subspecialties develop. In addition, experts in a single specialty
may be able to bring to bear a variety of experiences or perspectives relevant to
the case. If a party offers testimony from more than one expert in what appears
to be a distinct discipline, the party should justify the need for it and explain
why a single expert will not suffice. Attorneys may try to bolster the weight of
their case before the jury by cumulative expert testimony, thereby adding cost
and delay. The court should not permit such cumulative evidence, even where
multiple parties are represented on one or both sides."

E. Use of Magistrate Judges

Federal Rule of Civil Procedure 16(c)(8) makes the referral of matters to a
magistrate judge or a special master a subject for consideration at the initial

14. Note that courts take different positions on use of collateral estoppel to preclude relitigation of
facts based on scientific evidence. Compare Ezagui v. Dow Chem. Corp., 598 F.2d 727 (2d Cir. 1979)
(estopping litigation on the issue that vaccination package inserts inadequately apprised doctors of known
hazards), with Hardy v. Johns-Manville Sales Corp., 681 F.2d 334 (5th Cir. 1982) (disallowing collateral
estoppel to preclude relitigation of the fact that asbestos products are unreasonably dangerous and that
asbestos dust causes mesothelioma). For an interesting discussion of the application of collateral estop-
pel, see Bertrand v. Johns-Manville Sales Corp., 529 F. Supp. 539, 544 (D. Minn. 1982) (holding it is
“clear” that the court should collaterally estop litigation on the specific fact that “asbestos dust can cause
diseases such as asbestosis and mesothelioma [because] [t]his proposition is so firmly entrenched in the
medical and legal literature that it is not subject to serious dispute” but declining to apply collateral
estoppel to the more disputable use of the “state of the art” defense and the claim that asbestos is
“unreasonably dangerous”).

15. In re Factor VIII or IX Concentrate Blood Prods. Litig., 169 F.R.D. 632, 637 (N.D. Ill. 1996)
(transferee court in multidistrict litigation has authority to limit the number of expert witnesses who
may be called at trial).
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pretrial conference. Many courts routinely refer the pretrial management of
civil cases to magistrate judges. Some judges believe, however, that in complex
cases, there are advantages in having pretrial management performed by the
judge who will try the case; this promotes familiarity with the issues in the case
and avoids the delay caused by appeals of magistrate judges’ rulings.'

If pretrial management is nevertheless referred to a magistrate judge, he or
she should keep the trial judge apprised of developments affecting the complex
issues in the case. A need for decisions by the trial judge may arise during the
pretrial phase; for example, the decision to appoint an expert under Federal
Rule of Evidence 706 or a special master under Federal Rule of Civil Procedure
53 is one the trial judge would have to make and therefore should not be de-
terred until the eve of trial.

[II. Discovery and Disclosure

A. Discovery Control and Management

Informed by the Rule 16 conference, the judge will be able to make the neces-
sary decisions in managing expert discovery. The following considerations are
relevant.

1. Discovery of testifying experts
Parties may depose experts who have been identified as trial witnesses under
Federal Rule of Civil Procedure 26(b)(4)(A), but only after the expert disclo-
sure required under Rule 26(a)(2)(B) has been made.” Although the court may
relieve the parties of the obligation to exchange these disclosures, it will rarely
be advisable to do so, or to permit the parties to stipulate around the obligation,
for a number of reasons:
* Preparation of the expert disclosures compels parties to focus on the issues
and the evidence supporting or refuting their positions. Moreover, the cost
and burden of preparing disclosures forces parties to consider with care

16. MCL 3d, supra note 4, § 21.53.

17. Fed. R. Civ. P. 26(b)(4)(A). The report under Fed. R. Civ. P. 26(a)(2)(B) is presumptively
required of any “witness who is retained or specially employed to provide expert testimony in the case
or whose duties as an employee of the party regularly involve giving expert testimony.” This would
normally exclude a treating physician, but the rule extends to other areas of expertise. Riddick v.
‘Washington Hosp. Ctr., 183 F.R.D. 327 (D.D.C. 1998). Courts have looked to the nature of the
testimony rather than to the employment status of the witness to determine if such a report is required.
Sullivan v. Glock, Inc., 175 F.R.D. 497, 500 (D. Md. 1997). The court may by order, or the parties
may by stipulation, exempt a case from this requirement. Federal Rule of Civil Procedure 29 gives the
parties the right to modify, without court order, the procedures or limitations governing discovery,
except for stipulations that would interfere with any time set for completion of discovery, hearing of a
motion, or trial.
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whether to designate a particular person as an expert witness and may dis-
courage or limit the use of excessive numbers of experts.

Exchange of the expert disclosures, as previously noted, materially assists
the court and parties in identifying and narrowing issues.®

Exchange of the disclosures may lead the parties to dispense with taking the
opposing experts’ depositions. Some attorneys believe that depositions tend
to educate the expert more than the attorney when disclosures have been
made as required by the rule.

The disclosures will inform the court’s consideration of limitations and re-
strictions on expert evidence."

The disclosures will compel the proponent of an expert to be prepared for
trial. Because the proponent must disclose all opinions to be expressed and
their bases, surprise at trial will be eliminated, the opponent’s trial prepara-
tion will be improved, and cross-examination will be more effective and
efficient.

The disclosures will aid in identifying evidentiary issues early so that they
can be resolved in advance of trial.

* The disclosures may encourage early settlement.

It 1s advisable for the court to impress on counsel the seriousness of the dis-
closure requirement. Counsel should know that opinions and supporting facts
not included in the disclosure may be excluded at trial, even if they were testified
to on deposition. Also, Rule 26(a)(2)(B) requires disclosure not only of the data
and materials on which the expert relied but also those that the expert “consid-
ered . . . in forming the opinions.” Litigants may therefore no longer assume
that materials furnished to an expert by counsel or the party will be protected
from discovery.? Destruction of materials furnished to or produced by an ex-
pert in the course of the litigation—such as test results, correspondence, or draft
memoranda—may lead to evidentiary or other sanctions.?' In addition, under
the rule, an expert’s disclosure must be supplemented if it turns out that any
information disclosed was, or has become, incomplete or incorrect.?? Failure of

18. See supra § 11.B.

19. See supra § I11.D.

20. Fed. R. Civ. P. 26(a)(2)(B) advisory committee’s note. Courts are divided on the extent to
which they require disclosure of attorney work product provided to a testifying expert. Compare Karn
v. Ingersoll-Rand Co., 168 F.R.D. 633, 639 (N.D. Ind. 1996) (holding that work-product protection
does not apply to documents related to the subject matter of litigation provided by counsel to testifying
experts), with Magee v. Paul Revere Life Ins. Co., 172 F.R.D. 627, 642 (E.D.N.Y. 1997) (holding that
“data or other information” considered by the expert, which is subject to disclosure, includes only
factual materials and not core attorney work product considered by the expert).

21. Schmid v. Milwaukee Elec. Tool Corp., 13 F.3d 76, 81 (3d Cir. 1994) (sanctions for spoilation
of evidence arising from inspection by an expert must be commensurate with the fault and prejudice
arising in the case).

22. Fed. R. Civ. P. 26(e)(1).
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a party to comply with the disclosure rules may lead to exclusion of the expert’s
testimony at trial, unless such failure is harmless.

2. Discovery of nontestifying experts

Under Federal Rule of Civil Procedure 26(b)(4)(B), the court may permit dis-
covery by interrogatory or deposition of consulting nontestifying experts “upon
a showing of exceptional circumstances under which it is impracticable for the
party seeking discovery to obtain facts or opinions on the same subject by other
means.” Exceptional circumstances may exist where a party has conducted de-
structive testing, the results of which may be material, or where the opponent
has retained all qualified experts. However, in the absence of such circumstances,
a party should not be penalized for having sought expert assistance early in the
litigation, and its opponent should not benefit from its diligence.

3. Discovery of nonretained experts

Parties may seek the opinions and expertise of persons not retained in the litiga-
tion. However, Federal Rule of Civil Procedure 45(c)(3)(B)(ii) authorizes the
court to quash a subpoena requiring “disclosure of an unretained expert’s opin-
ion or information not describing specific events or occurrences in dispute and
resulting from the expert’s study made not at the request of any party.” In ruling
on such a motion to quash, the court should consider whether the party seeking
discovery has shown a substantial need that cannot be otherwise met without
undue hardship and will reasonably compensate the subpoenaed person, and it
may impose appropriate conditions on discovery.*

23. See, e.g., Coastal Fuels, Inc. v. Caribbean Petroleum Corp., 79 F.3d 182, 202-03 (1st Cir.
1996) (finding no abuse of discretion in district court’s exclusion of expert testimony in price discrimi-
nation and monopolization case where party failed to produce expert report in accordance with the
court’s scheduling order); Newman v. GHS Osteopathic, Inc., 60 F.3d 153, 156 (3d Cir. 1995) (finding
no abuse of discretion where district court refused to preclude expert testimony of two witnesses who
were not named in Rule 26 disclosures and whose reports were not provided pursuant to Rule
26(a)(2)(B)). Appellate courts seem cautious about precluding expert testimony where such testimony is
an essential element of the case. See Freeland v. Amigo, 103 F.3d 1271, 1276 (6th Cir. 1997) (district
court abused its discretion by precluding expert testimony in a medical malpractice case as a sanction for
failing to comply with a pretrial order setting the deadline for discovery where such preclusion would
amount to a dismissal of the case).

24. The advisory committee’s note points out that this provision was intended to protect the intel-
lectual property of nonretained experts:

The rule establishes the right of such persons to withhold their expertise, at least unless the party seeking it

makes the kind of showing required for a conditional denial of a motion to quash . . . ; that requirement is

the same as that necessary to secure work product under Rule 26(b)(3) and gives assurance of reasonable

Compensatlon.

Fed. R. Civ. P. 45(c)(3)(B)(ii) advisory committee’s note. For a discussion of issues arising with a
subpoena for research data from unretained scholars, see In re American Tobacco Co., 880 F.2d 1520,
1527 (2d Cir. 1989); see also Paul D. Carrington & Traci L. Jones, Reluctant Experts, Law & Contemp.
Probs., Summer 1996, at 51; Mark Labaton, Note, Discovery and Testimony of Unretained Experts, 1987
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4. Discovery of court-appointed experts

Federal Rule of Evidence 706 contemplates that the deposition of a court-ap-
pointed expert witness may be taken by any party. Technical advisors or other
nontestifying experts appointed under the inherent authority of the courts are
not necessarily subject to the discovery requirements of Rule 706, permitting
the court greater discretion in structuring the terms and conditions for access to
such experts for discovery. The extent of discovery should be covered in the
order appointing the expert.?

5. Use of videotaped depositions

Videotaping expert dispositions is particularly appropriate for several reasons: it
preserves the testimony of an expert who may be unavailable for trial or whose
testimony may be used in more than one trial or in different phases of a single
trial; it permits demonstrations, say, of tests or of large machinery, not feasible in
the courtroom; and it provides a more lively and interesting presentation than
reading of a transcript at trial. Federal Rule of Civil Procedure 30(b)(2) permits
a party to designate videotaping of a deposition unless otherwise ordered by the
court. Where videotape is to be used, however, the ground rules should be
established in advance, such as the placement and operation of the camera, off-
camera breaks, lighting, procedures for objections, and review in advance of use

at trial.?®

B. Protective Orders and Confidentiality

Under Federal Rule of Civil Procedure 26(c), the court has broad discretion on
good cause shown to issue protective orders barring disclosure or discovery or
permitting it only on specified conditions. A motion for a protective order by a
party or person from whom discovery is sought should be considered only after
the parties have conferred and attempted in good faith to resolve the dispute.
The rule specifically permits orders for the protection of trade secrets or other
confidential information.”’ The court may order a deposition to be sealed and
prohibit disclosure of its contents by the parties. Where the response to discov-
ery may cause a party to incur substantial costs, the court may condition compli-
ance on the payment of costs by the requesting parties.”®

Protective orders are widely used in litigation involving technical and scien-
tific subject matter, sometimes indiscriminately. Parties often stipulate to um-

Duke LJ. 140; Richard L. Marcus, Discovery Along the Litigation/Science Interface, 57 Brook. L. Rev. 381
(1991).

25. See infra § VILA.

26. See William W Schwarzer et al., Civil Discovery and Mandatory Disclosure: A Guide to Efficient
Practice 3-16 to 3-17, app. 2 Form 2.9 (2d ed. 1994).

27. Fed. R. Civ. P. 26(c)(7).

28. MCL 3d, supra note 4, § 21.433.
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brella protective orders.”” Many courts, however, will not enter protective or-
ders without specific findings warranting their entry and will not enforce stipu-
lated orders.”

Issues frequently arise concerning third-party access to protected material.
Information subject to a protective order in a case may be sought by parties in
other litigation, by the media, or by other interested persons or organizations.
Nonparties may request the terms of a confidential settlement. State and federal
laws may also define rights of access to such information. Parties should there-
fore be aware that issuance of a protective order will not necessarily maintain
the confidentiality of the information. Where a sweeping protective order has
been entered, the process of segregating protected and nonprotected informa-
tion when access to it is sought may be time-consuming and expensive. Filings
submitted under seal with or without stipulation will not be protected from
disclosure to third parties in the absence of a proper order. The parties may bind
each other to limit disclosure of such materials, but the materials are not pro-
tected against subpoena.

IV. Motion Practice

A. Motions In Limine

Objections to expert evidence relating to admissibility, qualifications of a wit-
ness, or existence of a privilege should be raised and decided in advance of trial
whenever possible.”’ Exclusion of evidence may in some cases remove an essen-
tial element of a party’s proof, providing the basis for summary judgment. In
other cases, the ruling on an objection may permit the proponent to cure a
technical deficiency before trial, such as clarifying an expert’s qualifications.
Motions in limine may also deal with such matters as potential prejudicial evi-
dence or arguments at trial and the presence of witnesses in the courtroom.
After the Daubert and Kumho decisions, motions in limine under Federal Rule
of Evidence 104(a) have gained new importance in implementing the court’s
gatekeeping role. The rule does not require the court to hold a hearing on such
a motion, but where the ruling on expert evidence is likely to have a substantial
effect with respect to the merits of claims or defenses, a hearing is advisable. The
court has broad discretion to determine what briefing and evidentiary proceed-

29. In re “Agent Orange” Prod. Liab. Litig., 104 FR.D. 559, 568-70 (E.D.N.Y. 1985), aff’d, 821
F.2d 139 (2d Cir.), cert. denied, 484 U.S. 953 (1987).

30. See Citizens First Nat’l Bank v. Cincinnati Ins. Co., 178 F.3d 943, 945 (7th Cir. 1999).

31. See Daubert v. Merrell Dow Pharms., Inc., 509 U.S. 579, 592-93 (1993) (before admitting
expert testimony, the trial court must make a “preliminary assessment of whether the reasoning or
methodology underlying the testimony is scientifically valid”).
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ings are needed for it to rule on admissibility of expert evidence.* When a
hearing is held, it is important that its limits be well defined and its progress
carefully controlled; such hearings have been known to take on a life of their
own, resulting in a lengthy but unnecessary preview of the trial.

In limine motions should be scheduled sufficiently in advance of trial so that
their disposition will assist the parties in preparing for trial and facilitate settle-
ment negotiations. Resolving motions concerning damage claims may be par-
ticularly helpful in bringing about a settlement. Rulings on in limine motions
should be by written order or on the record, stating specifically the effect of the
ruling and the grounds for it. The court should clearly indicate whether the
ruling is final or might be revisited at trial. Parties are entitled to know whether
they have preserved the issue for appeal or whether an offer or objection at trial
is necessary. If the court considers that the ruling might be affected by evidence
received at trial, it should so indicate.?

B. Summary Judgment

When expert evidence offered to meet an essential element of a party’s case is
excluded, the ruling may be a basis for summary judgment. Summary judgment
motions will therefore frequently be combined with Federal Rule of Evidence
104(a) motions in limine. The issues determinative of admissibility under Rule
104(a), however, will not necessarily be dispositive of the issues under Federal
Rule of Civil Procedure 56 (i.e., the absence of a genuine issue of material fact)
although they may lay the foundation for summary judgment. It is advisable for

32. There is no general requirement to hold an in limine hearing to consider the admissibility of
expert testimony. Kumho Tire Co. v. Carmichael, 119 S. Ct. 1167, 1176 (1999) (“[The abuse of
discretion] standard applies as much to the trial court’s decisions about how to determine reliability as to
its ultimate conclusion. Otherwise, the trial judge would lack the discretionary authority needed both
to avoid unnecessary ‘reliability’ proceedings in ordinary cases where the reliability of an expert’s meth-
ods is properly taken for granted, and to require appropriate proceedings in the less usual or more
complex cases where cause for questioning the expert’s reliability arises.”); Kirstein v. Parks Corp., 159
F.3d 1065, 1067 (7th Cir. 1998) (finding an adequate basis for determining admissibility of expert
evidence without a hearing).

33. See In re Paoli R.R. Yard PCB Litig., 916 F.2d 829, 837, 85455 (3d Cir. 1990) (proponent of
expert witness entitled to notice of grounds for exclusion and opportunity to remedy deficiency). See
also Padillas v. Stork-Gamco, Inc., 186 F.3d 412, 418 (3d Cir. 1999) (court abused its discretion in
entering summary judgment after excluding expert evidence without holding an in limine hearing to
consider shortcomings of the expert’s report); Hall v. Baxter Healthcare Corp., 947 F. Supp. 1387,
1392-95 (D. Or. 1996) (convening Rule 104(a) hearing to determine admissibility of evidence of
harmful eftects of silicone gel breast implants); Margaret A. Berger, Procedural Paradigms for Applying the
Daubert Test, 78 Minn. L. Rev. 1345, 1380-81 (1994) (calling for fully developed record in challenges
to scientific evidence to permit a basis for trial court ruling on summary judgment motion and for
appellate court review). The Judicial Conference of the United States has approved a proposed amend-
ment to Fed. R. Evid. 103(a) which, if enacted, would preserve a claim of error for appeal once the
court makes a definitive ruling on the record admitting or excluding evidence either at or before trial
without the party’s renewing the objection.
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the court to discuss with counsel their intentions with respect to such motions at
an early Rule 16 conference and to consider whether there are likely to be
grounds for a meritorious motion.> In the course of issue identification, issues
may be found that are appropriate for summary judgment motions, where, for
example, it appears that a critical element in a party’s case is missing®® or where
evidence is too conclusory to raise a genuine issue of fact.’® At the same time,
the court may rule out filing of proposed motions where triable issues appear to
be present; voluminous and complex motions unlikely to succeed simply delay
the litigation and impose unjustified burdens on the court and parties.”” It may
be possible to focus early discovery on evidence critical to whether a motion for
summary judgment can succeed. The court should also address timing of the
motions; those made before the necessary discovery has been taken will be pre-
mature, whereas those delayed until the eve of trial will invite unnecessary pre-
trial activity.

Declarations filed in opposition to a motion for summary judgment must
present specific facts that would be admissible in evidence at trial and that show
the existence of a genuine issue for trial.*® Although an expert at trial is permit-
ted to state an opinion without first testifying to the underlying data, leaving it
to cross-examination to bring out the data,” a declaration containing a mere
conclusory statement of opinion by an expert unsupported by facts does not
suffice to raise a triable issue.* The issue of the sufficiency of an expert’s decla-

34. See Fed. R. Civ. P. 16(c)(5).

35. See Celotex Corp. v. Catrett, 477 U.S. 317 (1986).

36. Weigel v. Target Stores, 122 F.3d 461, 469 (7th Cir. 1997) (“[A] party cannot assure himself of
a trial merely by trotting out in response to a motion for summary judgment his expert’s naked conclu-
sion about the ultimate issue. . . . The fact that a party opposing summary judgment has some admissible
evidence does not preclude summary judgment. We and other courts have so held with specific refer-
ence to an expert’s conclusional statements. . . . The Federal Rules of Evidence permit ‘experts to
present naked opinions,” but ‘admissibility does not imply utility. . . . An expert who supplies nothing
but a bottom line supplies nothing of value to the judicial process,” and his ‘naked opinion’ does not
preclude summary judgment.” (quoting American Int’l Adjustment Co. v. Galvin, 86 F.3d 1455, 1464
(7th Cir. 1996) (Posner, C.J., dissenting))). Parties must be given an adequate opportunity for discovery
to develop the evidence necessary to oppose a summary judgment motion. See Celotex, 477 U.S. at 322
(the opponent of the motion is entitled to “adequate time for discovery” needed to oppose the motion);
William W Schwarzer & Alan Hirsch, Summary Judgment After Eastman Kodak, 45 Hastings L.J. 1, 17
(1993). The disclosures required under Fed. R. Civ. P. 26(a)(2) should help in developing an adequate
record.

37. See generally Berger, supra note 33; Edward Brunet, The Use and Misuse of Expert Testimony in
Summary Judgment, 22 U.C. Davis L. Rev. 93 (1988).

38. See Fed. R. Civ. P. 56(e).

39. According to the advisory committee’s note, Federal Rule of Evidence 705, as amended in
1993, permits an expert to testify “in terms of opinion or inference and [to] give reasons therefor
without first testifying to the underlying facts or data, unless the court requires otherwise.” The purpose
of the rule is to eliminate the much criticized practice of asking experts hypothetical questions, leaving
it to cross-examination at trial to bring out relevant facts. Fed. R. Evid. 705 advisory committee’s note.

40. See Mendes-Silva v. United States, 980 F.2d 1482, 1488 (D.C. Cir. 1993); First United Fin.
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ration is logically intertwined with the issue of the admissibility of the expert’s
testimony at trial. Thus, it makes sense, as noted above, to combine the Rule
104(a) and Rule 56 proceedings.

V. The Final Pretrial Conference

The final pretrial conference will benefit from the process of framing the issues
and defining the structure of the case, begun in earlier Rule 16 conferences.
The goal of the final pretrial conference is to formulate the plan for trial, includ-
ing a program for facilitating the admission of evidence. Pending objections, to
the extent they can be resolved prior to trial, should be ruled on, by motions in
limine or otherwise.*' Issues should at this point be defined with precision and
finality. Efforts should be made to arrive at stipulations of facts and other matters
to streamline the trial. To aid in this process, the court may consider a number
of techniques with respect to expert evidence:

1. Direct the parties to submit statements identifying the parts of the oppos-
ing experts’ reports that are in dispute and those that are not.

2. Direct the parties to have the experts submit a joint statement specifying
the matters on which they disagree and the bases for each disagreement.

3. Direct the parties to have the experts attend the pretrial conference to
facilitate identification of the issues remaining in dispute.

4. Clear all exhibits and demonstrations to be oftered by experts at trial, such
as films, videos, simulations, or models; opposing parties should have a
full opportunity to review them in advance of trial and raise any objec-
tions.

5. Encourage cooperation in presenting scientific or technical evidence, such
as joint use of courtroom electronics, stipulated models, charts or displays,
tutorials, and a glossary of technical terms for the court and jury.

6. Encourage stipulations on relevant background facts and other
noncontroverted matters.

The parties should be directed to submit a joint pretrial order, stating the

legal and factual issues to be tried; the witnesses and the substance of each witness’s
testimony; and the exhibits to be offered, which should be marked for identifi-

Corp. v. United States Fidelity & Guar. Co., 96 F.3d 135, 140-41 (5th Cir. 1996) (expert affidavits
should include some indication of the reasoning process underlying the expert’s opinion); but see Bulthuis
v. Rexall Corp., 789 F.2d 1315, 1316—17 (9th Cir. 1985) (per curiam) (holding that expert opinion is
admissible and may defeat a summary judgment motion if it appears that the affiant is competent to give
expert opinion and the factual basis for the opinion is stated in the affidavit, even though the underlying
factual details and reasoning upon which the opinion is based are not).

41. Fed. R. Civ. P. 16(d). See also supra § IV.A.
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cation. The order should incorporate all pretrial rulings of the court, any rulings
excluding particular evidence or issues, and any other matters affecting the course
of the trial. The parties should understand that the order will control the subse-
quent course of the action and will be modified only to prevent manifest injus-
tice.*

VI. The Trial

Trials involving scientific or technical evidence present particular challenges to
the judge and jurors to understand the subject matter and make informed deci-
sions. Various techniques have been used to facilitate presentation of such cases
and enhance comprehension.® The use of such techniques should be explored
at the pretrial conference. Following is a summary of techniques that, singly or
in combination, are worthy of consideration.

A. Structuring the Trial

One of the main obstacles to comprehension is a trial of excessive length. Steps
should be taken to limit the trial’s length by limiting the scope of the issues, the
number of witnesses and the amount of evidence, and the time for each side to
conduct direct examination and cross-examination. Some cases can be bifur-
cated, and some may be segmented by issues so that the jury retires at the con-
clusion of the evidence on each issue to deliberate on a special verdict.* Such
sequential approaches to the presentation of a case to the jury may be useful for
the trial of severable issues, such as punitive damages, general causation, expo-
sure to a product, and certain affirmative defenses. The drawback of such ap-
proaches is that they make it more difficult to predict for the jurors how long
the trial will last.

B. Jury Management

Steps should be taken to lighten the jurors’ task, such as giving preliminary
instructions that explain what the case is about and what issues the jury will have
to decide; permitting jurors to take notes; and giving jurors notebooks with key
exhibits, glossaries, stipulations, lists of witnesses, and time lines or chronologies.
Some judges have found that permitting jurors to ask questions, usually submit-
ted through the court, can be helpful to the attorneys by disclosing when jurors

42. Fed. R. Civ. P. 16(e).

43. See generally MCL 3d, supra note 4, §§ 21.6, 22.2-22.4; William W Schwarzer, Reforming Jury
Trials, 1990 U. Chi. Legal F. 119.

44. See Fed. R. Civ. P. 42(b).
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are confused. Some judges have found interim summations (or interim opening
statements) helpful to juror comprehension; attorneys are allotted a certain amount
of time to introduce witnesses from time to time and point out the expected
significance of their testimony (e.g., “The next witness will be Dr. X, who will
explain how the fracture should have been set. Pay particular attention to how
he explains the proper use of screws.”).

C. Expert Testimony

Some judges have found it helpful to ask a neutral expert to present a tutorial for
the judge and jury before the presentation of expert evidence at trial begins,
outlining the fundamentals of the relevant science or technology without touching
on disputed issues. Consideration should also be given to having the parties’
experts testify back-to-back at trial so that jurors can get the complete picture of
a particular issue at one time rather than getting bits and pieces at various times
during the trial.

D. Presentation of Evidence

Various technologies are available to facilitate presentation of exhibits. Some are
computer-based and some simply facilitate projection of documents on a screen,
which allows all jurors to follow testimony about a document. Where volumi-
nous data are presented, summaries should be used; stipulated summaries of
depositions in lieu of a reading of the transcript are helpful. Charts, models,
pictures, videos, and demonstrations can all assist comprehension.

E. Making It Clear and Simple

Attorneys and witnesses in scientific and technological cases tend to succumb to
use of the jargon of the discipline, which is a foreign language to others. From
the outset the court should insist that the attorneys and the witnesses use plain
English to describe the subject matter and present evidence so that it can be
understood by laypersons. They will need to be reminded from time to time
that they are not talking to each other, but are there to communicate with the
jury and the judge.
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VII. Use of Court-Appointed Experts and
Special Masters

A. Court-Appointed Experts®

Two principal sources of authority permit a court to appoint an expert, each
envisioning a somewhat different role for the appointed expert. Appointment
under Federal Rule of Evidence 706 anticipates that the appointed expert will
function as a testifying witness; the structure, language, and procedures of Rule
706 specifically contemplate the use of appointed experts to present evidence to
the trier of fact. The rule specifies a set of procedures governing the process of
appointment, the assignment of duties, the reporting of findings, testimony, and
compensation of experts. The trial court has broad discretion in deciding whether
to appoint a Rule 706 expert on its own motion or on the motion of a party.
Supplementing the authority of Rule 706 is the broader inherent authority of
the court to appoint experts who are necessary to enable the court to carry out
its duties. This includes authority to appoint a “technical advisor” to consult
with the judge during the decision-making process.** The role of the technical
advisor, as the name implies, is to give advice to the judge, not to give evidence
and not to decide the case.”’” A striking exercise of this broader authority in-
volves appointing a technical advisor to confer in chambers with the judge re-
garding the evidence. Although few cases deal with the inherent power of a
court to appoint a technical advisor, the power to appoint remains virtually
undisputed.” Generally, a district court has discretion to appoint a technical

45. Portions of this discussion of the use of court-appointed experts are adapted from the chapter
on this topic by Joe S. Cecil and Thomas E. Willging that appeared in the first edition of this manual.
The most complete treatment of the research on which this discussion is based is presented in Joe S.
Cecil & Thomas E. Willging, Accepting Daubert’s Invitation: Defining a Role for Court-Appointed Experts in
Assessing Scientific Validity, 43 Emory L.J. 995 (1994). See also Ellen E. Deason, Court-Appointed Expert
Witnesses: Scientific Positivism Meets Bias and Deference, 77 Or. L. Rev. 59 (1998); Karen Butler R eisinger,
Note, Court-Appointed Expert Panels: A Comparison of Two Models, 32 Ind. L. Rev. 225 (1998).

46. See generally In re Peterson, 253 U.S. 300, 312 (1920) (“Courts have (at least in the absence of
legislation to the contrary) inherent power to provide themselves with appropriate instruments required
for the performance of their duties.”); Reilly v. United States, 863 F.2d 149, 154 & n.4 (1st Cir. 1988)
(“[S]uch power inheres generally in a district court. . . .””); Burton v. Sheheen, 793 F. Supp. 1329, 1339
(D.S.C. 1992) (“Confronted further with the unusual complexity and difficulty surrounding computer
generated [legislative] redistricting plans and faced with the prospect of drawing and generating its own
plan, the court appointed [name] as technical advisor to the court pursuant to the inherent discretion of
the court . . . .”), vacated on other grounds, 508 U.S. 968 (1993).

47. Reilly, 863 F.2d at 157 (“Advisors . . . are not witnesses, and may not contribute evidence.
Similarly, they are not judges, so they may not be allowed to usurp the judicial function.”). See also
Burton, 793 F. Supp. at 1339 n.25 (“[The advisor] was not appointed as an expert under Fed. R. Evid.
706 or [as] a special master under Fed. R. Civ. P. 53.7).

48. In the words of the Advisory Committee on the Rules of Evidence, “[t]he inherent power of
a trial judge to appoint an expert of his own choosing is virtually unquestioned.” Fed. R. Evid. 706

59



Reference Manual on Scientific Evidence

advisor, but it is expected that such appointments will be “hen’s-teeth rare,” a
“last” or “near-to-last resort.”*

The silicone gel breast implants product liability litigation offers two ex-
amples of innovative uses of both kinds of court-appointed experts. In 1996
Chief Judge Sam Pointer, Jr., of the Northern District of Alabama, serving as
transferee judge in a multidistrict litigation proceeding, appointed four scientists
under authority of Rule 706 to serve on a panel of court-appointed experts.>
Judge Pointer instructed the panel members to review the scientific literature
and report whether it provided a scientific basis to conclude that silicone gel
breast implants cause a number of diseases and symptoms.>'

In a joint report in which separate chapters were authored by each of the
experts, panel members concluded that the scientific literature provided no basis
tor such a conclusion. Following submission of their report, the panel members
were subjected to discovery-type depositions and cross-examined by both sides.
Then their “trial” testimony was taken in videotaped depositions over which
Judge Pointer presided, and again they were cross-examined by both sides. When
these cases are remanded, it is expected that these depositions will be usable—
either as trial testimony or as evidence in pretrial Daubert hearings—in both
tederal district courts and state courts (as a result of cross-noticing or of condi-
tions placed prior to ordering a remand). Having a single national panel should
provide a more consistent foundation for resolving these questions, as well as
eliminate the time and expense of multiple courts appointing experts.

Judge Robert E. Jones of the District of Oregon also appointed a panel of
scientific experts to assist him in ruling on motions to exclude plaintiffs’ expert
testimony in seventy silicone gel breast implant products liability cases.® Judge
Jones appointed these experts as “technical advisors,” since they were to advise
him regarding the extent to which the evidence was grounded in scientific

advisory committee’s note; see also United States v. Green, 544 F.2d 138, 145 (3d Cir. 1976) (“[T]he
inherent power of a trial judge to appoint an expert of his own choosing is clear.”), cert. denied, 430 U.S.
910 (1977).

49. Reilly, 863 F.2d at 157. General factors that might justify an appointment are “problems of
unusual difficulty, sophistication, and complexity, involving something well beyond the regular ques-
tions of fact and law with which judges must routinely grapple.” Id.

50. In re Silicone Gel Breast Implant Prods. Liab. Litig., Order 31 (N.D. Ala. May 30, 1996) (MDL
No. 926) (visited Mar. 20, 2000) <http://www.fjc.gov/BREIMLIT/ORDERS/orders.htm>. Judge
Pointer’s appointment of a national panel of experts grew out of actions to establish similar panels in
local litigation taken by Judge Jack B. Weinstein of the Eastern District of New York and Judge Robert
E. Jones of the District of Oregon. See generally Reisinger, supra note 45, at 252-55.

51. In re Silicone Gel Breast Implant Prods. Liab. Litig., Order 31e (N.D. Ala. Oct. 31, 1996)
(MDL No. 926) (visited Mar. 20, 2000) <http://www.fjc.gov/BREIMLIT/ORDERS/orders.htm>.
Judge Pointer also directed the national panel to inform the court about whether reasonable scientists
might disagree with the panel’s conclusions. Id.

52. Reisinger, supra note 45, at 252-55. These seventy cases were among the first remanded for
trial by Judge Pointer as part of the multidistrict litigation proceeding.
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methodology as part of a pretrial evidentiary proceeding.® After considering
the reports of the experts, Judge Jones granted the defendants’ motions in limine
to exclude the plaintiffs’ scientific evidence of a link between silicone gel breast
implants and autoimmune disorders or atypical connective tissue disease, finding
that the proffered evidence did not meet acceptable standards of scientific valid-
ity

To be effective, use of court-appointed experts must be grounded in a pre-
trial procedure that enables a judge to anticipate problems in expert testimony
and to initiate the appointment process in a timely manner. The pretrial process
described in this chapter, which permits narrowing of disputed issues and pre-
liminary screening of expert evidence, should give judges an early indication of
the need for court-appointed experts. Interviews with judges who have ap-
pointed experts suggest that the need for such appointments will be infrequent
and will be characterized by evidence that is particularly difficult to compre-
hend, or by a failure of the adversarial system to provide the information neces-
sary to sort through the conflicting claims and interpretations. Appointing an
expert increases the burden on the judge, increases the expense to the parties,
and raises unique problems concerning the presentation of evidence. These added
costs will be worth enduring only if the information provided by the expert is
critical to the resolution of the disputed issues.

The judge will most likely have to initiate the appointment process. The
parties frequently will not raise this possibility on their own. One authority has
suggested that identification of the need for a neutral expert should begin at a
pretrial conference held pursuant to Federal Rule of Civil Procedure 16.> The
court can initiate the appointment process on its own by entering an order to
show cause why an expert witness or witnesses should not be appointed.>

In responding to the order, parties should address a number of issues that may
prove troublesome as the appointment process proceeds. Parties should be asked

53. Hall v. Baxter Healthcare Corp., 947 F. Supp. 1387, 1392 (D. Or. 1996). In response to a
plaintiff’s motion following the evidentiary hearing, Judge Jones informally amended the procedure to
include providing a number of procedural safeguards mentioned in Rule 706 of the Federal Rules of’
Evidence. Among the changes, he agreed to provide a written charge to the technical advisors, to
communicate with the advisors on the record, and to allow the attorneys a limited opportunity to
question the advisors regarding the contents of their reports. Id. at 1392-94.

54. Id. at 1394.

55. Jack B. Weinstein & Margaret A. Berger, Weinstein’s Evidence: Commentary on Rules of
Evidence for the United States Courts and Magistrates § 706[02], at 706-14 to -15 (1994). Although
Rule 16 of the Federal Rules of Civil Procedure does not specifically refer to court appointment of
experts, subsection (c)(12) does call for consideration of “the need for adopting special procedures for
managing potentially difficult . . . actions that may involve complex issues . . . or unusual proof prob-
lems.” Fed. R. Civ. P. 16(c)(12).

56. Fed. R. Evid. 706(a). See also In re Joint E. & S. Dists. Asbestos Litig., 830 F. Supp. 686, 694
(E.D.N.Y. 1993) (parties are entitled to be notified of the court’s intention to use an appointed expert
and be given an opportunity to review the expert’s qualifications and work in advance).

61



Reference Manual on Scientific Evidence

to nominate candidates for the appointment and give guidance concerning char-
acteristics of suitable candidates. No person should be nominated who has not
previously consented to it and undergone a preliminary screening for conflicts
of interest. Candidates for appointment should make full disclosure of all en-
gagements (formal or informal), publications, statements, or associations that
could create an appearance of partiality. Encouraging both parties to create a list
of candidates and permitting the parties to strike nominees from each other’s list
will increase party involvement and expand the list of acceptable candidates.
Judges may also turn to academic departments and professional organizations as
a source of expertise.”’

Compensation of the expert also should be discussed with the parties during
initial communications concerning the appointment. Normally public funds will
not be available to compensate court-appointed experts. Unless the expert is to
testify in a criminal case or a land condemnation case, the judge should inform
the parties that they must compensate the appointed expert for his or her ser-
vices.”® Typically each party pays half of the expense, and the prevailing party is
reimbursed by the losing party at the conclusion of the litigation. Raising this
issue at the outset will indicate that the court seriously intends to pursue an
appointment and may help avoid subsequent objections to compensation. Judges
occasionally appoint experts over the objections of a party. If, however, difficulty
in securing compensation is anticipated, the parties may be ordered to contrib-
ute a portion of the expected expense to an escrow account prior to the selec-
tion of the expert. Objections to payment should be less likely to impede the
work of the expert once the appointment is made.

The court should make clear in its initial communications the anticipated
procedure for interaction with the expert. If ex parte communication between
the court and the expert is expected, the court should outline the specific nature
of such communications, the extent to which the parties will be informed of the
content of such communications, and the parties’ opportunities to respond.>’

57. The American Association for the Advancement of Science (AAAS) will aid federal judges in
finding scientists and engineers suitable for appointment in specific cases. Information on the AAAS
program can be found at Court-Appointed Experts: A Demonstration Project of the AAAS (visited
Mar. 20, 2000) <http://www.aaas.org/spp/case/case.htm>. The Private Adjudication Center at Duke
University is establishing a registry of independent scientific and technical experts who are willing to
provide advice to courts or serve as court-appointed experts. Letter from Corinne A. Houpt, Registry
Project Director, to Judge Rya W. Zobel, Director, Federal Judicial Center (Dec. 29, 1998) (on file
with the Research Division of the Federal Judicial Center). Information on the Private Adjudication
Center program can be found at Registry of Independent Scientific and Technical Advisors (visited
Mar. 20, 2000) <http://www.law.duke.edu/pac/registry/index.html>.

58. Fed. R. Evid. 706(b). The Criminal Justice Act authorizes payment of experts’ expenses when
such assistance is needed for effective representation of indigent individuals in federal criminal proceed-
ings. 18 U.S.C. § 3006A(e) (1988).

59. See, e.g., Edgar v. K.L., 93 F.3d 256, 259 (7th Cir. 1996) (per curiam) (ordering disqualification
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This initial communication may be the best opportunity to raise such consider-
ations, entertain objections, and inform the parties of the court’s expectations of
the practices to be followed regarding the appointed expert.®

The court’s appointment of an expert should be memorialized by entry of a
formal order, after the parties are given an opportunity to comment on it. The
following is a checklist of matters that should be addressed in connection with
such an order.

1. the authority under which it is issued;

2. the name, address, and affiliation of the expert;

3. the specific tasks assigned to the expert (to submit a report, to testify at

trial, to advise the court, to prepare proposed findings, etc.);

. the subject on which the expert is to express opinions;
. the amount or rate of compensation and the source of funds;
. the terms for conducting discovery of the expert;
. whether the parties may have informal access to the expert; and

0 N O Ul B~

. whether the expert may have informal communications with the court,
and whether they must be disclosed to the parties.

Some experts are professionals in this area; others are new to it. The court
should consider providing experts with instructions describing what they can
expect in court proceedings and what are permissible and impermissible con-
tacts and relationships with litigants and other experts.®!

B. Special Masters®

Special masters are appointed by courts that require particular expertise and skill
to assist in some phase of litigation. The kind of person to be appointed depends
on the particular expertise and skill required for the assigned task. For example,
experienced attorneys, retired judges, law professors, and magistrates® have been
appointed as special masters to supervise discovery, resolve disputes, and manage
other parts of the pretrial phase of complex litigation. Persons with technical or
scientific skills have been appointed as special masters to assist the court in litiga-

of a judge based on the judge’s meeting ex parte with a panel of court-appointed experts to discuss the
merits of the panel’s conclusions).

60. For more detailed guidance with respect to the appointment and use of such experts, see Cecil
& Willging, supra note 45.

61. In re Silicone Gel Breast Implant Prods. Liab. Litig., Order 31 (N.D. Ala. May 30, 1996)
(visited Mar. 20, 2000) <http://www.fjc.gov/BREIMLIT/ORDERS/orders.htm>.

62. Portions of this discussion of the use of special masters are adapted from the chapter on this
topic by Margaret G. Farrell that appeared in the first edition of this manual. The most complete
treatment of the research on which this discussion is based is presented in Margaret G. Farrell, Coping
with Scientific Evidence: The Use of Special Masters, 43 Emory L.J. 927 (1994).

63. 28 U.S.C. § 636(b)(2) (1988). If the parties do not consent, the appointment of a magistrate
judge must meet the standards of Federal Rule of Civil Procedure 53.
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tion involving difticult subject matter. When a special master is assisting with
fact-finding, his or her duties must be structured so as to not intrude on the
judge’s authority to adjudicate the merits of the case.® In such instances, certain
narrowly circumscribed tasks might be performed by special masters, such as
assembling, collating, or analyzing information supplied by the parties.®

Authority for the appointment of special masters derives from two sources.
Rule 53 of the Federal Rules of Civil Procedure is the most commonly cited
authority.® Under that rule a special master may be appointed in actions to be
tried by a jury only where the issues are complicated. In cases destined for bench
trial, a special master may be appointed “only upon a showing that some excep-
tional condition requires it.”*” Calendar congestion or the judge’s caseload bur-
den will not support such a showing.”® Courts have laid down strict limitations
to preclude special masters from performing judicial functions, such as deciding
substantive motions or making other dispositive rulings.” Alternatively, courts
sometimes rely on their inherent authority when they appoint special masters to
perform nonadjudicative duties that often arise in the pretrial and post-trial pro-
cess, thereby avoiding the restrictions of Rule 53.7

Special masters have been helpful in dealing with scientific and technical
evidence in a number of ways.”" For example, special masters have been used to

64. See La Buy v. Howes Leather Co., 352 U.S. 249, 25659 (1957).

65. See Wayne D. Brazil, Special Masters in the Pretrial Development of Big Cases: Potential and Prob-
lems, in Managing Complex Litigation: A Practical Guide to the Use of Special Masters 1, 610 (Wayne
D. Brazil et al. eds., 1983).

66. Fed. R. Civ. P. 53(b). A judge may appoint a special master to try a Title VII employment
discrimination case without regard to the requirements of Rule 53 if the judge is unable to hear the case
within 120 days. 42 U.S.C. § 2000e-5(f)(5) (1988). The Advisory Committee on Civil Rules is cur-
rently considering a revision of Rule 53 to take such recent innovations into account. See generally
Edward H. Cooper, Civil Rule 53: An Enabling Act Challenge, 76 Tex. L. Rev. 1607 (1998).

67. Fed. R. Civ. P. 53(b).

68. La Buy, 352 U.S. at 256-59.

69. See, e.g., United States v. Microsoft Corp., 147 F.3d 935, 956 (D.C. Cir. 1998) (appointment
of a special master to review government’s motion for a permanent injunction was “in effect the
imposition on the parties of a surrogate judge and either a clear abuse of discretion or an exercise of
wholly non-existent discretion”).

70. As with court-appointed experts, the inherent authority of a judge to appoint a special master
to assist in performing nonadjudicatory duties in complex litigation is virtually undisputed. See supra
notes 46—48 and accompanying text. Courts have inherent power to provide themselves with appropri-
ate instruments for the performance of their duties; this power includes the authority to appoint persons
unconnected with the court, such as special masters, auditors, examiners, and commissioners, with or
without consent of the parties, to simplify and clarify issues and to make tentative findings. In re Peterson,
253 U.S. 300, 312—-14 (1920); Reilly v. United States, 863 F.2d 149, 154-55 & n.4 (1st Cir. 1988). See,
e.g., Jenkins v. Missouri, 890 F.2d 65, 67-68 (8th Cir. 1989) (court relied on inherent authority to
appoint a committee of special masters to monitor implementation of court’s order); United States v.
Connecticut, 931 F. Supp. 974, 98485 (D. Conn. 1996) (court relied on inherent authority to appoint
special master to review aspects of care and treatment of residents covered by remedial order).

71. For more specific examples of the roles of special masters, see Farrell, supra note 62, at 952—67,
and Cooper, supra note 66, at 1614-15.
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make preliminary assessments of technical or scientific evidence offered by the
parties,” and to identify and supervise court-appointed experts and technical
advisors who offer guidance to the court in ruling on objections to evidence.”
Special masters are sometimes used to tutor the fact finder—judge or jury—
regarding technical issues in litigation, particularly patent controversies.”* Spe-
cial masters have been used to assess claims in multiparty litigation in order to
facilitate settlement, sometimes in the context of a coordinated pretrial case-
management plan.” Special masters also have been helpful in developing statis-
tical strategies for evaluating multiple claims on a limited recovery fund.”

The wide-ranging tasks assigned to special masters raise a number of issues
that a judge should consider at the time of the appointment,” including the
following.

* Selection. A variety of skills may be necessary to perform the particular as-
signed tasks. For example, the “quasi-judicial” functions of special masters
make retired judges, former magistrate judges, former hearing examiners,
and attorneys good candidates for selection. However, when the assigned
tasks require scientific or technical expertise, judges should look for a bal-
ance of legal experience and scientific and technical expertise of candidates.

* Appointment. Judges generally appoint special masters with the consent, or
at least the acquiescence, of the parties. The appointment should be memo-

72. In re Repetitive Stress Injury Cases, 142 F.R.D. 584, 586-87 (E.D.N.Y. 1992) (magistrate
judges were used to facilitate sharing of scientific and medical data and experts, thereby reducing redun-
dant discovery requests), appeal dismissed, order vacated sub nom. In re Repetitive Stress Injury Litig., 11
F.3d 368 (2d Cir. 1993). See also Wayne D. Brazil, Special Masters in Complex Cases: Extending the Jury or
Reshaping Adjudication?, 53 U. Chi. L. Rev. 394, 410-12 (1986).

73. See, e.g., Brazil, supra note 72, at 410-12; Hall v. Baxter Healthcare Corp., 947 F. Supp. 1387,
1392 (D. Or. 1996) (special master was used to identify candidates to serve on a panel of court-ap-
pointed experts); Fox v. Bowen, 656 F. Supp. 1236, 1253-54 (D. Conn. 1986) (master would be
appointed to hire experts and conduct studies necessary to the framing of a remedial order).

74. See, e.g., In re Newman, 763 F.2d 407, 409 (Fed. Cir. 1985).

75. See, e.g., In re Joint E. & S. Dists. Asbestos Litig., 737 F. Supp. 735, 737 (E.D.N.Y. 1990)
(appointment of special master to facilitate settlement); In re DES Cases, 789 F. Supp. 552, 559 (E.D.N.Y.
1992) (mem.) (appointment of special master to facilitate settlement), appeal dismissed sub nom. In re DES
Litig., 7 F.3d 20 (2d Cir. 1993). See also Francis E. McGovern, Toward a Functional Approach for Managing
Complex Litigation, 53 U. Chi. L. Rev. 440, 459—-64 (1986) (describing strategy of special master in
bringing about settlement of dispute over fishing rights). The use of a special master may be considered
at a pretrial conference. Fed. R. Civ. P. 16(c)(8). Such activities are also authorized by Rule 16(c)(9),
permitting federal judges to “take appropriate action, with respect to . . . settlement and the use of
special procedures to assist in resolving the dispute when authorized by statute or local rule . . . .” Fed.
R. Civ. P. 16(c)(9).

76. Hilao v. Estate of Marcos, 103 F.3d 767 (9th Cir. 1996); Kane v. Johns-Manville Corp., 843
F.2d 636 (2d Cir. 1988). A.H. Robins Co. v. Piccinin, 788 F.2d 994 (4th Cir.), cert. denied, 479 U.S.
876 (1986). In re A.H. Robins Co., 880 F.2d 694 (4th Cir.), cert. denied, 493 U.S. 959 (1989). See also
Sol Schreiber & Laura D. Weissbach, In re Estate of Ferdinand E. Marcos Human Rights Litigation: A
Personal Account of the Role of the Special Master, 31 Loy. L.A. L. Rev. 475 (1998).

77. For a more extensive list of issues, see Farrell, supra note 62.
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rialized by a formal order covering the same checklist of matters addressed
in orders appointing court-appointed experts.”

* Conflicts of interest. Special masters are held to a high ethical standard and are
subject to the conflict-of-interest standards of the Code of Conduct for United
States Judges, particularly when they are performing duties that are function-
ally equivalent to those performed by a judge.” When the special master
takes on multiple roles, the court should be aware of the possibility of in-
herent conflicts among the competing roles.

* Ex parte communication. Ex parte contact with the parties may be improper
where the special master is involved in fact-finding.* Ex parte communica-
tion with the judge may also be problematic if the special master is to pro-
vide an independent assessment for consideration by the court, such as a
report containing proposed findings of fact.®

» Compensation. Issues regarding compensation parallel those discussed earlier
with regard to court-appointed experts.* It is advisable to include the terms
of compensation (including the rate of compensation and the source of
funds) in the order of appointment.

78. See supra § VILA.

79. The Code of Conduct for United States Judges applies in part to special masters and commissioners,
as indicated in the section titled “Compliance with the Code of Conduct.” Committee on Codes of
Conduct, Judicial Conf. of U.S., Code of Conduct for United States Judges 19-20 (Sept. 1999). Jenkins
v. Sterlacci, 849 F.2d 627, 630 n.1 (D.C. Cir. 1988) (““[I]nsofar as special masters perform duties func-
tionally equivalent to those performed by a judge, they must be held to the same standards as judges for
purposes of disqualification.”); In re Joint E. & S. Dists. Asbestos Litig., 737 F. Supp. 735, 739 (E.D.N.Y.
1990) (“In general a special master or referee should be considered a judge for purposes of judicial ethics
rules.”).

80. Farrell, supra note 62, at 977.

81. Id. at 979-80.

82. See supra note 58 and accompanying text.
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RECENT SUPREME COURT DECISIONS HAVE PUT JUDGES
in the position of having to decide what is “scientific” and what is not.' Some
judges may not feel entirely comfortable making such decisions, in spite of the
guidance supplied by the Court and helpfully illuminated by learned commen-
tators.? The purpose of this chapter is not to resolve the practical difficulties that
judges will encounter in reaching those decisions, but, much more modestly, to
demystify the business of science just a bit and to help judges understand the
Daubert decision, at least as it appears to a scientist. In the hope of accomplishing
these tasks, I take a mildly irreverent look at some formidable subjects. I hope
the reader will accept this chapter in that spirit.

[. A Bit of History

Modern science can reasonably be said to have come into being during the time
of Queen Elizabeth I of England and William Shakespeare. Almost immedi-
ately, it came into conflict with the law.

‘While Shakespeare was composing his sonnets in England, Galileo Galilei in
Italy was inventing the idea that careful experiments in a laboratory could reveal
universal truths about the way objects move through space. A bit later, hearing
about the newly invented telescope, he made one for himself and with it made
discoveries in the heavens that astonished and thrilled all of Europe. Neverthe-
less, in 1633, Galileo was put on trial for his scientific teachings. The trial of
Galileo is usually portrayed as a conflict between science and the church, but it
was, after all, a trial, with judges and lawyers, and all the other trappings of a
formal legal procedure.

Another great scientist of the day, William Harvey, who discovered the cir-
culation of the blood, worked not only at the same time as Galileo, but even at
the same place—the University of Padua, in Italy, not far from Venice. If one
visits the University of Padua today and gets a tour of the old campus at the
heart of the city, one will be shown Galileo’s cattedra, the wooden pulpit from
which he lectured (and, curiously, one of his vertebrae in a display case just
outside the rector’s office—maybe the rector needs to be reminded to have a
little spine). One will also be shown the lecture-theater in which Harvey dis-

1. These Supreme Court decisions are discussed in Margaret A. Berger, The Supreme Court’s
Trilogy on the Admissibility of Expert Testimony, §§ II-III, IV.A., in this manual. For a discussion of
the difficulty in distinguishing between science and engineering, see Henry Petroski, Reference Guide
on Engineering Practice and Methods, in this manual.

2. Since publication of the first edition of this manual, a number of works have been developed to
assist judges and attorneys in understanding a wide range of scientific evidence. See, e.g., 1 & 2 Modern
Scientific Evidence: The Law and Science of Expert Testimony (David L. Faigman et al. eds., 1997);
Expert Evidence: A Practitioner’s Guide to Law, Science, and the FJC Manual (Bert Black & Patrick
W. Lee eds., 1997).
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sected cadavers while eager students peered downward from tiers of overhang-
ing balconies. Dissecting cadavers was illegal in Harvey’s time, so the floor of
the theater was equipped with a mechanism to make the body disappear when a
lookout gave the word that the authorities were coming. Of course, both sci-
ence and the law have changed a great deal since the seventeenth century.

Another important player who lived in the same era was not a scientist at all,
but a lawyer who rose to be Lord Chancellor of England in the reign of James I,
Elizabeth’s successor. His name was Sir Francis Bacon, and in his magnum opus,
which he called Novum Organum, he put forth the first theory of the scientific
method. In Bacon’s view, the scientist should be a disinterested observer of
nature, collecting observations with a mind cleansed of harmful preconceptions
that might cause error to creep into the scientific record. Once enough such
observations have been gathered, patterns will emerge from them, giving rise to
truths about nature.

Bacon’s theory has been remarkably influential down through the ages, even
though in his own time there were those who knew better. “That’s exactly how
a Lord Chancellor would do science,” William Harvey is said to have grumbled.

II. Theories of Science

Today, in contrast to the seventeenth century, few would deny the central im-
portance of science to our lives, but not many would be able to give a good
account of what science is. To most, the word probably brings to mind not
science itself, but the fruits of science, the pervasive complex of technology that
has transformed all of our lives. However, science might also be thought to
include the vast body of knowledge we have accumulated about the natural
world. There are still mysteries, and there always will be mysteries, but the fact
is that, by and large, we understand how nature works.

A. Francis Bacon’s Scientific Method

But science is even more than that. If one asks a scientist the question, What is
science?, the answer will almost surely be that science is a process, a way of
examining the natural world and discovering important truths about it. In short,
the essence of science is the scientific method.’

3. The Supreme Court, in Daubert v. Merrell Dow Pharmaceuticals, Inc., acknowledged the impor-
tance of defining science in terms of its methods as follows: “‘Science is not an encyclopedic body of’
knowledge about the universe. Instead, it represents a process for proposing and refining theoretical
explanations about the world that are subject to further testing and refinement.”” (emphasis in original).
509 U.S. 579, 590 (1993) (quoting Brief for the American Association for the Advancement of Science
and the National Academy of Sciences as Amici Curiae at 7-8).
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That stirring description suffers from an important shortcoming. We don’t
really know what the scientific method is.* There have been many attempts at
formulating a general theory of how science works, or at least how it ought to
work, starting, as we have seen, with Sir Francis Bacon’s. Bacon’s idea, that
science proceeds through the collection of observations without prejudice, has
been rejected by all serious thinkers. Everything about the way we do science—
the language we use, the instruments we use, the methods we use—depends on
clear presuppositions about how the world works. Modern science is full of
things that cannot be observed at all, such as force fields and complex molecules.
At the most fundamental level, it is impossible to observe nature without having
some reason to choose what is worth observing and what is not worth observ-
ing. Once one makes that elementary choice, Bacon has been left behind.

B. Karl Popper’s Falsification Theory

In this century, the ideas of the Austrian philosopher Sir Karl Popper have had
a profound effect on theories of the scientific method.” In contrast to Bacon,
Popper believed all science begins with a prejudice, or perhaps more politely, a
theory or hypothesis. Nobody can say where the theory comes from. Formulat-
ing the theory is the creative part of science, and it cannot be analyzed within
the realm of philosophy. However, once the theory is in hand, Popper tells us,
it is the duty of the scientist to extract from it logical but unexpected predictions
that, if they are shown by experiment not to be correct, will serve to render the
theory invalid.

Popper was deeply influenced by the fact that a theory can never be proved
right by agreement with observation, but it can be proved wrong by disagree-
ment with observation. Because of this asymmetry, science makes progress
uniquely by proving that good ideas are wrong so that they can be replaced by
even better ideas. Thus, Bacon’s disinterested observer of nature is replaced by
Popper’s skeptical theorist. The good Popperian scientist somehow comes up
with a hypothesis that fits all or most of the known facts, then proceeds to attack
that hypothesis at its weakest point by extracting from it predictions that can be
shown to be false. This process is known as falsification.®

4. For a general discussion of theories of the scientific method, see Alan F. Chalmers, What Is This
Thing Called Science? (1982). For a discussion of the ethical implications of the various theories, see
James Woodward & David Goodstein, Conduct, Misconduct and the Structure of Science, 84 Am. Scientist
479 (1996).

5. See, e.g., Karl R. Popper, The Logic of Scientific Discovery (Karl R. Popper, trans., 1959).

6. The Supreme Court in Daubert recognized Popper’s conceptualization of scientific knowledge
by noting that “[o]rdinarily, a key question to be answered in determining whether a theory or tech-
nique is scientific knowledge that will assist the trier of fact will be whether it can be (and has been)
tested.” 509 U.S. at 593. In support of this point, the Court cited as parentheticals passages from both
Carl Gustav Hempel, Philosophy of Natural Science 49 (1966) (“‘[T]he statements constituting a scientific
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Popper’s ideas have been fruitful in weaning the philosophy of science away
from the Baconian view and some other earlier theories, but they fall short in a
number of ways in describing correctly how science works. The first of these is
the observation that, although it may be impossible to prove a theory is true by
observation or experiment, it is nearly just as impossible to prove one is false by
these same methods. Almost without exception, in order to extract a falsifiable
prediction from a theory, it is necessary to make additional assumptions beyond
the theory itself. Then, when the prediction turns out to be false, it may well be
one of the other assumptions, rather than the theory itself, that is false. To take
a simple example, early in the twentieth century it was found that the orbits of
the outermost planets did not quite obey the predictions of Newton’s laws of
gravity and mechanics. Rather than take this to be a falsification of Newton’s
laws, astronomers concluded the orbits were being perturbed by an additional
unseen body out there. They were right. That is precisely how the planet Pluto
was discovered.

The apparent asymmetry between falsification and verification that lies at the
heart of Popper’s theory thus vanishes. But the difficulties with Popper’s view
go even beyond that problem. It takes a great deal of hard work to come up
with a new theory that is consistent with nearly everything that is known in any
area of science. Popper’s notion that the scientist’s duty is then to attack that
theory at its most vulnerable point is fundamentally inconsistent with human
nature. It would be impossible to invest the enormous amount of time and
energy necessary to develop a new theory in any part of modern science if the
primary purpose of all that work was to show that the theory was wrong.

This point is underlined by the fact that the behavior of the scientific com-
munity is not consistent with Popper’s notion of how it should be. Credit in
science is most often given for offering correct theories, not wrong ones, or for
demonstrating the correctness of unexpected predictions, not for falsifying them.
I know of no example of a Nobel Prize awarded to a scientist for falsifying his or
her own theory.

C. Thomas Kuhn’s Paradigm Shifts

Another towering figure in the twentieth century theory of science is Thomas
Kuhn.” Kuhn was not a philosopher but a historian (more accurately, a physicist
who retrained himself as a historian). It is Kuhn who popularized the word
paradigm, which has today come to seem so inescapable.

explanation must be capable of empirical test’”), and Karl R. Popper, Conjectures and Refutations:
The Growth of Scientific Knowledge 37 (5th ed. 1989) (“*[T]he criterion of the scientific status of a
theory is its falsifiability, or refutability, or testability’”).

7. Thomas S. Kuhn, The Structure of Scientific Revolutions (1962).
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A paradigm, for Kuhn, is a sort of consensual world view within which scien-
tists work. It comprises an agreed upon set of assumptions, methods, language,
and everything else needed to do science. Within a given paradigm, scientists
make steady, incremental progress, doing what Kuhn calls “normal science.”

As time goes on, difficulties and contradictions arise that cannot be resolved,
but one way or another, they are swept under the rug, rather than being allowed
to threaten the central paradigm. However, at a certain point, enough of these
difficulties have accumulated so that the situation becomes intolerable. At that
point, a scientific revolution occurs, shattering the paradigm and replacing it
with an entirely new one.

The new paradigm is so radically different from the old that normal discourse
between the practitioners of the two paradigms becomes impossible. They view
the world in different ways and speak different languages. It isn’t even possible
to tell which of the two paradigms is superior, because they address different sets
of problems. They are incommensurate. Thus, science does not progress incre-
mentally, as the science textbooks would have it, except during periods of nor-
mal science. Every once in a while, a scientific revolution brings about a para-
digm shift, and science heads off in an entirely new direction.

Kuhn’s view was formed largely on the basis of two important historical
revolutions. One was the original scientific revolution that started with Nicolaus
Copernicus and culminated with the new mechanics of Isaac Newton. The very
word revolution, whether it refers to the scientific kind, the political kind, or any
other kind, refers metaphorically to the revolutions in the heavens that Copernicus
described in a book, De Revolutionibus Orbium Caelestium, which was published
as he lay dying in 1543.® Before Copernicus, the dominant paradigm was the
world view of ancient Greek philosophy, frozen in the fourth century B.C.
ideas of Plato and Aristotle. After Newton, whose masterwork, Philosophice
Naturalis Principia Mathematica, was published in 1687, every scientist was a
Newtonian, and Aristotelianism was banished forever from the world stage. It is
even possible that Sir Francis Bacon’s disinterested observer was a reaction to
Aristotelian authority. Look to nature, not to the ancient texts, Bacon may have
been saying.

The second revolution that served as an example for Kuhn occurred early in
the twentieth century. In a headlong series of events that lasted a mere twenty-
five years, the Newtonian paradigm was overturned and replaced with the new
physics, in the form of quantum mechanics and Einstein’s relativity. The second
revolution, though it happened much faster, was no less profound than the first.

The idea that science proceeds by periods of normal activity punctuated by
shattering breakthroughs that make scientists rethink the whole problem is an
appealing one, especially to the scientists themselves, who know from personal

8. L. Bernard Cohen, Revolution in Science (1985).
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experience that it really happens that way. Kuhn’s contribution is important. It
gives us a new and useful structure (a paradigm, one might say) for organizing
the entire history of science.

Nevertheless, Kuhn’s theory does suffer from a number of shortcomings as an
explanation for how science works. One of them is that it contains no measure
of how big the change must be in order to count as a revolution or paradigm
shift. Most scientists will say that there is a paradigm shift in their laboratory
every six months or so (or at least every time it becomes necessary to write
another proposal for research support). That isn’t exactly what Kuhn had in
mind.

Another difficulty is that even when a paradigm shift is truly profound, the
paradigms it separates are not necessarily incommensurate. The new sciences of
quantum mechanics and relativity, for example, did indeed show that Newton’s
laws of mechanics were not the most fundamental laws of nature. However,
they did not show that they were wrong. Quite the contrary, they showed why
Newton’s laws of mechanics were right: Newton’s laws arose out of new laws
that were even deeper and that covered a wider range of circumstances
unimagined by Newton and his followers, that is, things as small as atoms, or
nearly as fast as the speed of light, or as dense as black holes. In more familiar
realms of experience, Newton’s laws go on working just as well as they always
did. Thus, there is no ambiguity at all about which paradigm is better. The new
laws of quantum mechanics and relativity subsume and enhance the older
Newtonian world.

D. An Evolved Theory of Science

If neither Bacon nor Popper nor Kuhn gives us a perfect description of what
science is or how it works, nevertheless all three help us to gain a much deeper
understanding of it all.

Scientists are not Baconian observers of nature, but all scientists become
Baconians when it comes to describing their observations. Scientists are rigor-
ously, even passionately honest about reporting scientific results and how they
were obtained, in formal publications. Scientific data are the coin of the realm
in science, and they are always treated with reverence. Those rare instances in
which data are found to have been fabricated or altered in some way are always
traumatic scandals of the first order.’

Scientists are also not Popperian falsifiers of their own theories, but they
don’t have to be. They don’t work in isolation. If a scientist has a rival with a

9. Such instances are discussed in David Goodstein, Scientific Fraud, 60 Am. Scholar 505 (1991). For
a summary of recent investigations into scientific fraud and lesser instances of scientific misconduct, see
Office of Research Integrity, Department of Health and Human Services, Scientific Misconduct Inves-
tigations: 1993—1997 (visited Nov. 21, 1999) <http://ori.dhhs.gov/PDF/scientific.pdf> (summarizing

150 scientific misconduct investigations closed by the Office of Research Integrity).
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different theory of the same phenomena, the rival will be more than happy to
perform the Popperian duty of attacking the scientist’s theory at its weakest
point. Moreover, if falsification is no more definitive than verification, and sci-
entists prefer in any case to be right rather than wrong, they nevertheless know
how to hold verification to a very high standard. If a theory makes novel and
unexpected predictions, and those predictions are verified by experiments that
reveal new and useful or interesting phenomena, then the chances that the theory
is correct are greatly enhanced. And even if it is not correct, it has been fruitful
in the sense that it has led to the discovery of previously unknown phenomena
that might prove useful in themselves and that will have to be explained by the
next theory that comes along.

Finally, science does not, as Kuhn seemed to think, periodically self-destruct
and need to start over again, but it does undergo startling changes of perspective
that lead to new and, invariably, better ways of understanding the world. Thus,
science does not proceed smoothly and incrementally, but it is one of the few
areas of human endeavor that is truly progressive. There is no doubt at all that
twentieth century science is better than nineteenth century science, and we can
be absolutely confident that what will come along in the twenty-first century
will be better still. One cannot say the same about, say, art or literature.'’

To all this, a couple of things must be added. The first is that science is, above
all, an adversary process. It is an arena in which ideas do battle, with observa-
tions and data the tools of combat. The scientific debate is very different from
what happens in a court of law, but just as in the law, it is crucial that every idea
receive the most vigorous possible advocacy, just in case it might be right. Thus,
the Popperian ideal of holding one’s hypothesis in a skeptical and tentative way
is not merely inconsistent with reality, it would be harmful to science if it were
pursued. As I discuss shortly, not only ideas, but the scientists themselves engage
in endless competition according to rules that, although they are nowhere writ-
ten down, are nevertheless complex and binding.

In the competition among ideas, the institution of peer review plays a central
role. Scientific articles submitted for publication and proposals for funding are

10. The law, too, can claim to be progressive. Development of legal constructs, such as due pro-
cess, equal protection, and individual privacy, reflects notable progress in the betterment of mankind.
See Laura Kalman, The Strange Career of Legal Liberalism 2—4 (1996) (recognizing the “faith” of legal
liberalists in the use of law as an engine for progressive social change in favor of society’s disadvantaged).
Such progress is measured by a less precise form of social judgment than the consensus that develops
regarding scientific progress. See Steven Goldberg, The Reluctant Embrace: Law and Science in America, 75
Geo. LJ. 1341, 1346 (1987) (“Social judgments, however imprecise, can sometimes be reached on legal
outcomes. If a court’s decision appears to lead to a sudden surge in the crime rate, it may be judged
wrong. If it appears to lead to new opportunities for millions of citizens, it may be judged right. The law
does gradually change to reflect this kind of social testing. But the process is slow, uncertain, and
controversial; there is nothing in the legal community like the consensus in the scientific community on
whether a particular result constitutes progress.”)
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often sent to anonymous experts in the field, in other words, peers of the au-
thor, for review. Peer review works superbly to separate valid science from
nonsense, or, in Kuhnian terms, to ensure that the current paradigm has been
respected." It works less well as a means of choosing between competing valid
ideas, in part because the peer doing the reviewing is often a competitor for the
same resources (pages in prestigious journals, funds from government agencies)
being sought by the authors. It works very poorly in catching cheating or fraud,
because all scientists are socialized to believe that even their bitterest competitor
is rigorously honest in the reporting of scientific results, making it easy to fool a
referee with purposeful dishonesty if one wants to. Despite all of this, peer
review is one of the sacred pillars of the scientific edifice.

III. Becoming a Professional Scientist

Science as a profession or career has become highly organized and structured.'
It is not, relatively speaking, a very remunerative profession—that would be
inconsistent with the Baconian ideal—but it is intensely competitive, and a cer-
tain material well-being does tend to follow in the wake of success (successful
scientists, one might say, do get to bring home the Bacon).

A. The Institutions

These are the institutions of science: Research is done in the Ph.D.-granting
universities, and to a lesser extent, in colleges that don’t grant Ph.D.s. It is also
done in national laboratories and in industrial laboratories. Before World War
II, basic science was financed mostly by private foundations (Rockefeller,
Carnegie), but since the war, the funding of science (except in industrial labora-
tories) has largely been taken over by agencies of the federal government, nota-
bly the National Science Foundation (an independent agency), the National
Institutes of Health (part of the Public Health Service of the Department of

11. The Supreme Court received differing views regarding the proper role of peer review. Compare
Brief for Amici Curiae Daryl E. Chubin et al. at 10, Daubert v. Merrell Dow Pharms., Inc., 509 U.S.
579 (1993) (No. 92-102) (“peer review referees and editors limit their assessment of submitted articles
to such matters as style, plausibility, and defensibility; they do not duplicate experiments from scratch or
plow through reams of computer-generated data in order to guarantee accuracy or veracity or cer-
tainty”), with Brief for Amici Curiae New England Journal of Medicine, Journal of the American
Medical Association, and Annals of Internal Medicine in Support of Respondent, Daubert v. Merrell
Dow Pharms., Inc., 509 U.S. 579 (1993) (No. 92-102) (proposing that publication in a peer-reviewed
journal be the primary criterion for admitting scientific evidence in the courtroom). See generally Daryl
E. Chubin & Edward J. Hackett, Peerless Science: Peer Review and U.S. Science Policy (1990);
Arnold S. Relman & Marcia Angell, How Good Is Peer Review? 321 New Eng. J. Med. 827-29 (1989).
As a practicing scientist and frequent peer reviewer, I can testify that Chubin’s view is correct.

12. The analysis that follows is based on David Goodstein & James Woodward, Inside Science, 68
Am. Scholar 83 (1999).
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Health and Human Services), and parts of the Department of Energy and the
Department of Defense.

Scientists who work at all these organizations—universities, colleges, national
and industrial laboratories, and funding agencies—belong to scientific societies
that are organized mostly by discipline. There are large societies, such as the
American Physical Society and the American Chemical Society; societies for
subdisciplines, such as optics and spectroscopy; and even organizations of societ-
ies, such as FASEB (the Federation of American Societies of Experimental Biol-
ogy).

Scientific societies are private organizations that elect their own officers, hold
scientific meetings, publish journals, and finance their operations from the col-
lection of dues and from the proceeds of their publishing and educational activi-
ties. The American Association for the Advancement of Science also holds meet-
ings and publishes a famous journal (Science), but it is not restricted to any one
discipline. The National Academy of Sciences holds meetings and publishes a
journal, and it has an operational arm, the National Research Council, that
carries out studies for various government agencies, but by far its most impor-
tant activity is to elect its own members.

These are the basic institutions of American science. It should not come as
news that the universities and colleges engage in a fierce but curious competi-
tion, in which no one knows who’s keeping score, but everyone knows roughly
what the score is. (In recent years, some national newsmagazines have found it
profitable to appoint themselves scorekeepers in this competition. Academic
officials dismiss these journalistic judgments, except when their own institutions
come out on top.) Departments in each discipline compete with one another, as
do national and industrial laboratories and even funding agencies. Competition
in science is at its most refined, however, at the level of individual careers.

B. The Reward System and Authority Structure

To regulate the competition among scientists, there is a reward system and an
authority structure. The fruits of the reward system are fame, glory, and immor-
tality. The purposes of the authority structure are power and influence. The
reward system and the authority structure are closely related to one another, but
scientists distinguish sharply between them. When they speak of a colleague
who has become president of a famous university, they will say sadly, “It’s a
pity—he was still capable of good work,” sounding like warriors lamenting the
loss of a fallen comrade. The university president is a kingpin of the authority
structure, but he is a dropout from the reward system. Similar sorts of behavior
can be observed in industrial and government laboratories, but a description of
what goes on in universities will be enough to illustrate how the system works.

A career in academic science begins at the first step on the reward system
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ladder, a Ph.D., followed in many areas by one or two stints as a postdoctoral
fellow. The Ph.D. and postdoctoral positions had best be at universities (or at
least departments) that are high up in that fierce but invisible competition be-
cause all subsequent steps are most likely to take the individual sideways or
downward on the list. The next step is a crucial one: appointment to a tenure-
track junior faculty position. About two-thirds of all postdoctoral fellows in
American universities believe they are going to make this step, but in fact, only
about a quarter of them succeed. This step and all subsequent steps require
growing fame as a scientist beyond the individual’s own circle of acquaintances.
Recommendations will be sought from people who know of the person be-
cause of the importance of his or her scientific accomplishments. Thus, it is
essential by this time that the individual has accomplished something. The re-
maining steps up the reward system ladder are promotion to an academic ten-
ured position and full professorship; various prizes, medals, and awards given
out by the scientific societies; an endowed chair (the virtual equivalent of Galileo’s
wooden cattedra); election to the National Academy; the Nobel Prize; and, finally,
immortality.

Positions in the authority structure are generally rewards for having achieved
a certain level in the reward system. For example, starting from the junior fac-
ulty level, it is possible to step sideways temporarily or even permanently into a
position as contract officer in a funding agency. Because contract officers influence
the distribution of research funds, they have a role in deciding who will succeed
in the climb up the reward system ladder. At successively higher levels one can
become the editor of a journal; chair of a department; dean, provost, or presi-
dent of a university; and even the head of a funding agency. People in these
positions have stepped out of the reward system, but they have something to say
about who succeeds in it.

IV. Some Myths and Facts About Science

“In matters of science,” Galileo wrote, “the authority of thousands is not worth
the humble reasoning of one single person.”"® Doing battle with the Aristotelian
professors of his day, Galileo believed that appeal to authority was the enemy of
reason. But, contrary to Galileo’s famous remark, the fact is that authority is of
fundamental importance to science. If a paper’s author is a famous scientist, |
think the paper is probably worth reading. However, an appeal from a scientific

13. I found this statement framed on the oftice wall of a colleague in Italy in the form, “In questioni
di scienza L’autorita di mille non vale I'umile ragionare di un singolo.” However, I have not been able to find
the famous remark in this form in Galileo’s writings. An equivalent statement in different words can be
found in Galileo’s Il Saggiatore (1623). See Andrea Frova & Mariapiera Marenzona, Parola di Galileo 473
(1998).
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wanna-be, asking that his great new discovery be brought to the attention of the

scientific world, 1s almost surely not worth reading (such papers arrive in my

office, on the average, about once a week). The triumph of reason over author-
ity is just one of the many myths about science, some of which I've already
discussed. Here’s a brief list of others:

Myth: Scientists must have open minds, being ready to discard old ideas in favor
of new ones.

Fact: Because science is an adversary process in which each idea deserves the
most vigorous possible defense, it is useful for the successful progress of sci-
ence that scientists tenaciously hang on to their own ideas, even in the face of
contrary evidence (and they do, they do).

Myth: Science must be an open book. For example, every new experiment must
be described so completely that any other scientist can reproduce it.

Fact: There is a very large component of skill in making cutting-edge experi-
ments work. Often, the only way to import a new technique into a labora-
tory is to hire someone (usually a postdoctoral fellow) who has already made
it work elsewhere. Nevertheless, scientists have a solemn responsibility to
describe the methods they use as fully and accurately as possible. And, even-
tually, the skill will be acquired by enough people to make the new tech-
nique commonplace.

Myth: When a new theory comes along, the scientist’s duty is to falsify it.

Fact: When a new theory comes along, the scientist’s instinct is to verify it.
When a theory is new, the effect of a decisive experiment that shows it to be
wrong is that both the theory and the experiment are quickly forgotten. This
result leads to no progress for anyone in the reward system. Only when a
theory is well established and widely accepted does it pay oft to prove that it’s
wrong.

Myth: Real science is easily distinguished from pseudoscience.

Fact: This is what philosophers call the problem of demarcation: One of Popper’s
principal motives in proposing his standard of falsifiability was precisely to
provide a means of demarcation between real science and impostors. For
example, Einstein’s theory of relativity (with which Popper was deeply im-
pressed) made clear predictions that could certainly be falsified if they were
not correct. In contrast, Freud’s theories of psychoanalysis (with which Pop-
per was far less impressed) could never be proven wrong. Thus, to Popper,
relativity was science but psychoanalysis was not.

As I've already shown, real scientists don’t do as Popper says they should.
But quite aside from that, there is another problem with Popper’s criterion
(or indeed any other criterion) for demarcation: Would-be scientists read
books too. If it becomes widely accepted (and to some extent it has) that
falsifiable predictions are the signature of real science, then pretenders to the
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throne of science will make falsifiable predictions, too." There is no simple,
mechanical criterion for distinguishing real science from something that is
not real science. That certainly doesn’t mean, however, that the job can’t be
done. As I discuss below, the Supreme Court, in the Daubert decision, has
made a respectable stab at showing how to do it."”

Myth: Scientific theories are just that: theories. All scientific theories are eventu-
ally proved wrong and are replaced by other theories.

Fact: The things that science has taught us about how the world works are the
most secure elements in all of human knowledge. I must distinguish here
between science at the frontiers of knowledge (where by definition we don’t
yet understand everything and where theories are indeed vulnerable) and
textbook science that is known with great confidence. Matter is made of
atoms, DNA transmits the blueprints of organisms from generation to gen-
eration, light is an electromagnetic wave; these things are not likely to be
proved wrong. The theory of relativity and the theory of evolution are in the
same class. They are still called theories for historic reasons only. The satellite
navigation system in my car routinely uses the theory of relativity to make
calculations accurate enough to tell me exactly where I am and to take me to
my destination with unerring precision.

It should be said here that the incorrect notion that all theories must even-
tually be wrong is fundamental to the work of both Popper and Kuhn, and
these theorists have been crucial in helping us understand how science works.
Thus, their theories, like good scientific theories at the frontiers of knowl-
edge, can be both useful and wrong.

Myth: Scientists are people of uncompromising honesty and integrity.

Fact: They would have to be if Bacon were right about how science works, but
he wasn’t. Scientists are rigorously honest where honesty matters most to
them: in the reporting of scientific procedures and data in peer-reviewed
publications. In all else, they are ordinary mortals like all other ordinary mor-
tals.

14. For a list of such pretenders, see Larry Laudan, Beyond Positivism and Relativism 219 (1996).

15. The Supreme Court in Daubert identified four nondefinitive factors that were thought to be
illustrative of characteristics of scientific knowledge: testability or falsifiability, peer review, a known or
potential error rate, and general acceptance within the scientific community. 509 U.S. at 590 (1993).
Subsequent cases have expanded on these factors. See, e.g., In re TMI Litig. Cases Consol. II, 911 F.
Supp. 775, 787 (M.D. Pa. 1995) (which considered the following additional factors: the relationship of
the technique to methods that have been established to be reliable; the qualifications of the expert
witness testifying based on the methodology; the nonjudicial uses of the method; logical or internal
consistency of the hypothesis; consistency of the hypothesis with accepted theories; and precision of the
hypothesis or theory). See generally Bert Black et al., Science and the Law in the Wake of Daubert: A New
Search for Scientific Knowledge, 72 Tex. L. Rev. 715, 783-84 (1994) (discussion of expanded list of

factors).

79



Reference Manual on Scientific Evidence

V. Comparing Science and the Law

Science and the law differ in both the language they use and the objectives they
seek to accomplish.

A. Language

Someone once said that the United States and England are two nations sepa-
rated by a common language. Something similar can be said of science and the
law. There are any number of words that are commonly used in both disci-
plines, but with different meanings. Let me give just a few examples.

The word force, as it is used by lawyers, has connotations of violence and the
domination of one person’s will over another, as in phrases such as “excessive
use of force” and “forced entry.” In science, force is something that when ap-
plied to a body, causes its speed and direction of motion to change. Also, all
forces arise from a few fundamental forces, most notably gravity and the electric
force. The word carries no other baggage.

In contrast, the word evidence is used much more loosely in science than in
the law. The law has precise rules of evidence that govern what is admissible and
what isn’t. In science the word merely seems to mean something less than “proof.”
A certain number of the papers in any issue of a scientific journal will have titles
that begin with “Evidence for (or against).” What that means is, the authors
weren’t able to prove their point, but here are their results anyway.

The word theory is a particularly interesting example of a word that has differ-
ent meanings in the two disciplines. A legal theory (as I understand it) is a
proposal that fits the known facts and legal precedents and that favors the attorney’s
client. The requisite of a theory in science is that it make new predictions that
can be tested by new experiments or observations and falsified or verified (as
discussed above), but in any case, put to the test.

Even the word law has different meanings in the two disciplines. To a legal
practitioner, a law is something that has been promulgated by some human
authority, such as a legislature or parliament. In science, a law is a law of nature,
something that humans can hope to discover and describe accurately, but that
can never be changed by any human authority.

My final example is, to me, the most interesting of all. It is the word error. In
the law, and in common usage, error and mistake are more or less synonymous. A
legal decision can be overturned if it is found to be contaminated by judicial
error. In science, however, error and mistake have different meanings. Anyone
can make a mistake, and scientists have no obligation to report theirs in the
scientific literature. They just clean up the mess and go on to the next attempt.
Error, on the other hand, is intrinsic to any measurement, and far from ignoring
it or covering it up or even attempting to eliminate it, authors of every paper
about a scientific experiment will include a careful analysis of the errors to put
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limits on the uncertainty in the measured result. To make mistakes is human,
one might say, but error is intrinsic to our interaction with nature, and is there-
fore part of science.

B. Objectives

Beyond the meanings of certain key words, science and the law differ funda-
mentally in their objectives. The objective of the law is justice; that of science is
truth.'® These are not at all the same thing. Justice, of course, also seeks truth,
but it requires that a clear decision be made in a reasonable and limited amount
of time. In the scientific search for truth there are no time limits and no point at
which a final decision must be made.

And yet, in spite of all these differences, science and the law share, at the
deepest possible level, the same aspirations and many of the same methods. Both
disciplines seek, in structured debate, using empirical evidence, to arrive at ra-
tional conclusions that transcend the prejudices and self-interest of individuals.

VI. A Scientist’s View of Daubert

In the 1993 Daubert decision, the U.S. Supreme Court took it upon itself to
solve, once and for all, the knotty problem of the demarcation of science from
pseudoscience. Better yet, it undertook to enable every federal judge to solve
that problem in deciding the admissibility of each scientific expert witness in
every case that arises. In light of all the uncertainties discussed in this chapter, it
must be considered an ambitious thing to do."”

The presentation of scientific evidence in a court of law is a kind of shotgun
marriage between the two disciplines. Both are forced to some extent to yield to
the central imperatives of the other’s way of doing business, and it is likely that
neither will be shown in its best light. The Daubert decision is an attempt (not
the first, of course) to regulate that encounter. Judges are asked to decide the

16. This point is made eloquently by D. Allen Bromley in Science and the Law, Address at the
1998 Annual Meeting of the American Bar Association (Aug. 2, 1998).

17. ChiefJustice R ehnquist, responding to the majority opinion in Daubert, was the first to express
his uneasiness with the task assigned to federal judges as follows: “I defer to no one in my confidence in
federal judges; but I am at a loss to know what is meant when it is said that the scientific status of a
theory depends on its ‘falsifiability,” and I suspect some of them will be, too.” 509 U.S. 579, 600 (1993)
(Rehnquist, C.J., concurring in part and dissenting in part). His concern was then echoed by Judge
Alex Kozinski when the case was reconsidered by the U.S. Court of Appeals for the Ninth Circuit
following remand by the Supreme Court. 43 F.3d 1311, 1316 (9th Cir. 1995) (“Our responsibility,
then, unless we badly misread the Supreme Court’s opinion, is to resolve disputes among respected,
well-credentialed scientists about matters squarely within their expertise, in areas where there is no
scientific consensus as to what is and what is not ‘good science,” and occasionally to reject such expert
testimony because it was not ‘derived by the scientific method.” Mindful of our position in the hierar-
chy of the federal judiciary, we take a deep breath and proceed with this heady task.”)
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“evidential reliability” of the intended testimony, based not on the conclusions
to be offered, but on the methods used to reach those conclusions.
In particular, the methods should be judged by the following four criteria:
1. The theoretical underpinnings of the methods must yield testable predic-
tions by means of which the theory could be falsified.
2. The methods should preferably be published in a peer-reviewed journal.
3. There should be a known rate of error that can be used in evaluating the
results.
4. The methods should be generally accepted within the relevant scientific
community.
In reading these four illustrative criteria mentioned by the Court, one is struck
immediately by the specter of Karl Popper looming above the robed justices.
(It’s no mere illusion. The dependence on Popper is explicit in the written
decision.) Popper alone is not enough, however, and the doctrine of falsification
is supplemented by a bow to the institution of peer review, an acknowledgment
of the scientific meaning of error, and a paradigm check (really, an inclusion of
the earlier Frye standard).'®
All in all, T would score the decision a pretty good performance.'” The jus-
tices ventured into the treacherous crosscurrents of the philosophy of science—
where even most scientists fear to tread—and emerged with at least their dignity
intact. Falsifiability may not be a good way of doing science, but it’s not the
worst a posteriori way to judge science, and that’s all that’s required here. At
least they managed to avoid the Popperian trap of demanding that the scientists
be skeptical of their own ideas. The other considerations help lend substance
and flexibility.® The jury is still out (so to speak) on how well this decision will
work in practice, but it’s certainly an impressive attempt to serve justice, if not
truth. Applying it in practice will never be easy, but then that’s what this manual
is all about.

18. In Frye v. United States, 293 F. 1013, 1014 (D.C. Cir. 1923), the court stated that expert
opinion based on a scientific technique is inadmissible unless the technique is “generally accepted” as
reliable in the relevant scientific community.

19. For a contrary view, see Gary Edmond & David Mercer, Recognizing Daubert: What Judges
Should Know About Falsification, 5 Expert Evidence 29—42 (1996).

20. See supra note 15.
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I. Introduction

Statistics, broadly defined, is the art and science of gaining information from
data. For statistical purposes, data mean observations or measurements, expressed
as numbers. A statistic may refer to a particular numerical value, derived from
the data. Baseball statistics, for example, is the study of data about the game; a
player’s batting average is a statistic. The field of statistics includes methods for
(1) collecting data, (2) analyzing data, and (3) drawing inferences from data.
Statistical assessments are prominent in many kinds of cases, ranging from
antitrust to voting rights. Statistical reasoning can be crucial to the interpretation
of psychological tests, toxicological and epidemiological studies, disparate treat-
ment of employees, and DNA fingerprinting; this list could easily be extended.!

This reference guide describes the elements of statistical thinking. We hope

that the explanations provided will permit judges and lawyers who deal with
statistical evidence to understand the terminology, place the evidence in con-
text, appreciate its strengths and weaknesses, and apply legal doctrine governing
the use of such evidence. The reference guide is organized as follows:

* Section I provides an overview of the field, discusses the admissibility of
statistical studies, and offers some suggestions about procedures that en-
courage the best use of statistical expertise in litigation.

* Section II addresses data collection. The design of a study is the most im-
portant determinant of its quality. The section reviews controlled experi-
ments, observational studies, and surveys, indicating when these designs are
likely to give useful data.

* Section III discusses the art of describing and summarizing data. The sec-
tion considers the mean, median, and standard deviation. These are basic
descriptive statistics, and most statistical analyses seen in court use them as
building blocks. Section III also discusses trends and associations in data as
summarized by graphs, percentages, and tables.

* Section IV describes the logic of statistical inference, emphasizing its foun-
dations and limitations. In particular, this section explains statistical estima-
tion, standard errors, confidence intervals, p-values, and hypothesis tests.

* Section V shows how relationships between two variables can be described
by means of scatter diagrams, correlation coefficients, and regression lines.
Statisticians often use regression techniques in an attempt to infer causation

1. See generally Statistics and the Law (Morris H. DeGroot et al. eds., 1986); Panel on Statistical
Assessments as Evidence in the Courts, National Research Council, The Evolving Role of Statistical
Assessments as Evidence in the Courts (Stephen E. Fienberg ed., 1989) [hereinafter The Evolving Role
of Statistical Assessments as Evidence in the Courts]; Michael O. Finkelstein & Bruce Levin, Statistics
for Lawyers (1990); 1 & 2 Joseph L. Gastwirth, Statistical Reasoning in Law and Public Policy (1988);
Hans Zeisel & David Kaye, Prove It with Figures: Empirical Methods in Law and Litigation (1997).
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from association; section V briefly explains the techniques and some of their
limitations.

* An appendix presents certain technical details, and the glossary defines many
statistical terms that might be encountered in litigation.

A. Admissibility and Weight of Statistical Studies

Statistical studies suitably designed to address a material issue generally will be
admissible under the Federal Rules of Evidence. The hearsay rule rarely is a
serious barrier to the presentation of statistical studies, since such studies may be
offered to explain the basis for an expert’s opinion or may be admissible under
the learned treatise exception to the hearsay rule.? Likewise, since most statisti-
cal methods relied on in court are described in textbooks and journal articles and
are capable of producing useful results when carefully and appropriately applied,
such methods generally satisfy important aspects of the “scientific knowledge”
requirement articulated in Daubert v. Merrell Dow Pharmaceuticals, Inc.> Of course,
a particular study may use a method that is entirely appropriate, but so poorly
executed that it should be inadmissible under Federal Rules of Evidence 403
and 702.* Or, the method may be inappropriate for the problem at hand and
thus lacks the “fit” spoken of in Daubert.> Or, the study may rest on data of the
type not reasonably relied on by statisticians or substantive experts, and hence
run afoul of Federal Rule of Evidence 703. Often, however, the battle over
statistical evidence concerns weight or sufficiency rather than admissibility.

B. Varieties and Limits of Statistical Expertise

For convenience, the field of statistics may be divided into three subfields: prob-
ability, theoretical statistics, and applied statistics. Theoretical statistics is the
study of the mathematical properties of statistical procedures, such as error rates;
probability theory plays a key role in this endeavor. Results may be used by

2. See generally 2 McCormick on Evidence §§ 321, 324.3 (John W. Strong ed., 5th ed. 1999).
Studies published by government agencies also may be admissible as public records. Id. § 296. See also
United States v. Esquivel, 88 F.3d 722, 727 (9th Cir. 1996) (taking judicial notice of 1990 census data
showing the number of Hispanics eligible for jury service).

3. 509 U.S. 579, 589-90 (1993). For a discussion of the implications and scope of Daubert gener-
ally, see 1 Modern Scientific Evidence: The Law and Science of Expert Testimony § 1-3.0 (David L.
Faigman et al. eds., 1997).

4. See, e.g., Sheehan v. Daily Racing Form, Inc., 104 F.3d 940, 942 (7th Cir. 1997) (“failure to
exercise the degree of care that a statistician would use in his scientific work, outside of the context of
litigation” renders analysis inadmissible under Dauberf).

5. 509 U.S. at 591; ¢f. People Who Care v. Rockford Bd. of Educ., 111 F.3d 528, 537-38 (7th Cir.
1997) (““a statistical study that fails to correct for salient explanatory variables, or even to make the most
elementary comparisons, has no value as causal explanation and is therefore inadmissible in a federal
court”); Sheehan, 104 F.3d at 942 (holding that expert’s “failure to correct for any potential explanatory
variables other than age” made the analyst’s finding that “there was a significant correlation between
age and retention” inadmissible).
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applied statisticians who specialize in particular types of data collection, such as
survey research, or in particular types of analysis, such as multivariate methods.

Statistical expertise is not confined to those with degrees in statistics. Because
statistical reasoning underlies all empirical research, researchers in many fields
are exposed to statistical ideas. Experts with advanced degrees in the physical,
medical, and social sciences—and some of the humanities—may receive formal
training in statistics. Such specializations as biostatistics, epidemiology, econo-
metrics, and psychometrics are primarily statistical, with an emphasis on meth-
ods and problems most important to the related substantive discipline.

Individuals who specialize in using statistical methods—and whose profes-
sional careers demonstrate this orientation—are most likely to apply appropriate
procedures and correctly interpret the results. On the other hand, forensic sci-
entists and technicians often testify to probabilities or statistics derived from
studies or databases compiled by others, even though some of these testifying
experts lack the training or knowledge required to understand and apply the
information. State v. Garrison® illustrates the problem. In a murder prosecution
involving bite-mark evidence, a dentist was allowed to testify that “the prob-
ability factor of two sets of teeth being identical in a case similar to this is,
approximately, eight in one million,” even though “he was unaware of the
formula utilized to arrive at that figure other than that it was ‘computerized.””’

At the same time, the choice of which data to examine, or how best to model
a particular process, could require subject matter expertise that a statistician might
lack. Statisticians often advise experts in substantive fields on the procedures for
collecting data and often analyze data collected by others. As a result, cases
involving statistical evidence often are (or should be) “two-expert” cases of
interlocking testimony.® A labor economist, for example, may supply a definition
of the relevant labor market from which an employer draws its employees, and
the statistical expert may contrast the racial makeup of those hired to the racial
composition of the labor market. Naturally, the value of the statistical analysis
depends on the substantive economic knowledge that informs it.’

6. 585 P.2d 563 (Ariz. 1978).

7. Id. at 566, 568.

8. Sometimes a single witness presents both the substantive underpinnings and the statistical analy-
sis. Ideally, such a witness has extensive expertise in both fields, although less may suffice to qualify the
witness under Fed. R. Evid. 702. In deciding whether a witness who clearly is qualified in one field may
testify in a related area, courts should recognize that qualifications in one field do not necessarily imply
qualifications in the other.

9. In Vuyanich v. Republic National Bank, 505 F. Supp. 224, 319 (N.D. Tex. 1980), vacated, 723 F.2d
1195 (5th Cir. 1984), defendant’s statistical expert criticized the plaintiffs’ statistical model for an im-
plicit, but restrictive, assumption about male and female salaries. The district court trying the case
accepted the model because the plaintiffs’ expert had a “very strong guess” about the assumption, and
her expertise included labor economics as well as statistics. Id. It is doubtful, however, that economic
knowledge sheds much light on the assumption, and it would have been simple to perform a less
restrictive analysis. In this case, the court may have been overly impressed with a single expert who

87



Reference Manual on Scientific Evidence

C. Procedures that Enhance Statistical Testimony
1. Maintaining Professional Autonomy

Ideally, experts who conduct research in the context of litigation should pro-
ceed with the same objectivity that they would apply in other contexts. Thus,
experts who testify (or who supply results that are used in testimony by others)
should be free to do whatever analysis 1s required to address in a professionally
responsible fashion the issues posed by the litigation."” Questions about the
freedom of inquiry accorded to testifying experts, as well as the scope and depth
of their investigations, may reveal some of the limitations to the analysis being
presented.

2. Disclosing Other Analyses

Statisticians analyze data using a variety of statistical models and methods. There
is much to be said for looking at the data in a variety of ways. To permit a fair
evaluation of the analysis that the statistician does settle on, however, the testi-
fying expert may explain the history behind the development of the final statis-
tical approach.! Indeed, some commentators have urged that counsel who know
of other data sets or analyses that do not support the client’s position should
reveal this fact to the court, rather than attempt to mislead the court by present-
ing only favorable results.'?

combined substantive and statistical expertise. Once the issue is defined by legal and substantive knowl-
edge, some aspects of the statistical analysis will turn on statistical considerations alone, and expertise in
another subject will not be pertinent.

10. See The Evolving Role of Statistical Assessments as Evidence in the Courts, supra note 1, at 164
(recommending that the expert be free to consult with colleagues who have not been retained by any
party to the litigation and that the expert receive a letter of engagement providing for these and other
safeguards).

11. See, e.g., Mikel Aickin, Issues and Methods in Discrimination Statistics, in Statistical Methods in
Discrimination Litigation 159 (David H. Kaye & Mikel Aickin eds., 1986).

12. The Evolving Role of Statistical Assessments as Evidence in the Courts, supra note 1, at 167; ¢f.
William W Schwarzer, In Defense of “Automatic Disclosure in Discovery,” 27 Ga. L. Rev. 655, 658-59
(1993) (“| TThe lawyer owes a duty to the court to make disclosure of core information.”). The Panel on
Statistical Assessments as Evidence in the Courts also recommends that “if a party gives statistical data to
different experts for competing analyses, that fact be disclosed to the testifying expert, if any.” The
Evolving Role of Statistical Assessments as Evidence in the Courts, supra note 1, at 167. Whether and
under what circumstances a particular statistical analysis might be so imbued with counsel’s thoughts
and theories of the case that it should receive protection as the attorney’s work product is an issue
beyond the scope of this reference guide.
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3. Disclosing Data and Analytical Methods Before Trial

The collection of data often is expensive, and data sets typically contain at least
some minor errors or omissions. Careful exploration of alternative modes of
analysis also can be expensive and time consuming. To minimize the occur-
rence of distracting debates at trial over the accuracy of data and the choice of
analytical techniques, and to permit informed expert discussions of method,
pretrial procedures should be used, particularly with respect to the accuracy and
scope of the data, and to discover the methods of analysis. Suggested procedures
along these lines are available elsewhere.'

4. Presenting Expert Statistical Testimony

The most common format for the presentation of evidence at trial is sequential.
The plaintiff’s witnesses are called first, one by one, without interruption except
for cross-examination, and testimony is in response to specific questions rather
than by an extended narration. Although traditional, this structure is not com-
pelled by the Federal Rules of Evidence." Some alternatives have been pro-
posed that might be more effective in cases involving substantial statistical testi-
mony. For example, when the reports of witnesses go together, the judge might
allow their presentations to be combined and the witnesses to be questioned as
a panel rather than sequentially. More narrative testimony might be allowed,
and the expert might be permitted to give a brief tutorial on statistics as a pre-
liminary to some testimony. Instead of allowing the parties to present their ex-
perts in the midst of all the other evidence, the judge might call for the experts
for opposing sides to testify at about the same time. Some courts, particularly in
bench trials, may have both experts placed under oath and, in eftect, permit
them to engage in a dialogue. In such a format, experts are able to say whether
they agree or disagree on specific issues. The judge and counsel can interject
questions. Such practices may improve the judge’s understanding and reduce
the tensions associated with the experts’ adversarial role.'

13. See The Special Comm. on Empirical Data in Legal Decision Making, Recommendations on
Pretrial Proceedings in Cases with Voluminous Data, reprinted in The Evolving Role of Statistical As-
sessments as Evidence in the Courts, supra note 1, app. F. See also David H. Kaye, Improving Legal
Statistics, 24 L. & Soc’y Rev. 1255 (1990).

14. See Fed. R. Evid. 611.

15. The Evolving Role of Statistical Assessments as Evidence in the Courts, supra note 1, at 174.
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II. How Have the Data Been Collected?

An analysis is only as good as the data on which it rests.'® To a large extent, the
design of a study determines the quality of the data. Therefore, the proper inter-
pretation of data and their implications begins with an understanding of study
design, and different designs help answer different questions. In many cases,
statistics are introduced to show causation. Would additional information in a
securities prospectus disclosure have caused potential investors to behave in some
other way? Does capital punishment deter crime? Do food additives cause can-
cer? The design of studies intended to prove causation is the first and perhaps
the most important topic of this section.

Another issue is the use of sample data to characterize a population: the popu-
lation is the whole class of units that are of interest; the sample is a set of units
chosen for detailed study. Inferences from the part to the whole are justified
only when the sample is representative, and that is the second topic of this
section.

Finally, it is important to verify the accuracy of the data collection. Errors can
arise in the process of making and recording measurements on individual units.
This aspect of data quality is the third topic in this section.

A. Is the Study Properly Designed to Investigate Causation?
1. Types of Studies

When causation is at issue, advocates have relied on three major types of infor-
mation: anecdotal evidence, observational studies, and controlled experiments."’
As we shall see, anecdotal reports can provide some information, but they are

16. For introductory treatments of data collection, see, e.g., David Freedman et al., Statistics (3d
ed. 1998); Darrell Huff, How to Lie with Statistics (1954); David S. Moore, Statistics: Concepts and
Controversies (3d ed. 1991); Hans Zeisel, Say It with Figures (6th ed. 1985); and Zeisel & Kaye, supra
note 1.

17. When relevant studies exist before the commencement of the litigation, it becomes the task of
the lawyer and appropriate experts to explain this research to the court. Examples of such “off-the-
shelf” research are experiments pinpointing conditions under which eyewitnesses tend to err in identi-
fying criminals and studies of how sex stereotyping aftects perceptions of women in the workplace. See,
e.g., State v. Chapple, 660 P.2d 1208, 1223-24 (Ariz. 1983) (reversing a conviction for excluding
expert testimony about scientific research on eyewitness accuracy); Price Waterhouse v. Hopkins, 490
U.S. 228, 235 (1989). Some psychologists have questioned the applicability of these experiments to
litigation. See, e.g., Gerald V. Barrett & Scott B. Morris, The American Psychological Association’s Amicus
Curiae Brief in Price Waterhouse v. Hopkins: The Values of Science Versus the Values of the Law, 17 Law &
Hum. Behav. 201 (1993). For a rejoinder, see Susan T. Fiske et al., What Constitutes a Scientific Review?:
A Majority Retort to Barrett and Morris, 17 Law & Hum. Behav. 217 (1993).

If no preexisting studies are available, a case-specific one may be devised. E.g., United States v.
Youritan Constr. Co., 370 F. Supp. 643, 647 (N.D. Cal. 1973) (investigating racial discrimination in

the rental-housing market by using “testers”—who should differ only in their race—to rent a property),
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more useful as a stimulus for further inquiry than as a basis for establishing asso-
ciation. Observational studies can establish that one factor is associated with
another, but considerable analysis may be necessary to bridge the gap from asso-
ciation to causation.'® Controlled experiments are ideal for ascertaining causa-
tion, but they can be difficult to undertake.

“Anecdotal evidence” means reports of one kind of event following another.
Typically, the reports are obtained haphazardly or selectively, and the logic of
“post hoc, ergo propter hoc” does not suffice to demonstrate that the first event
causes the second. Consequently, while anecdotal evidence can be suggestive,"
it can also be quite misleading.®® For instance, some children who live near
power lines develop leukemia; but does exposure to electrical and magnetic
fields cause this disease? The anecdotal evidence is not compelling because leu-
kemia also occurs among children who have minimal exposure to such fields.”
It is necessary to compare disease rates among those who are exposed and those
who are not. If exposure causes the disease, the rate should be higher among the
exposed, lower among the unexposed. Of course, the two groups may differ in
crucial ways other than the exposure. For example, children who live near power

aff'd in part, 509 F.2d 623 (9th Cir. 1975). For a critical review of studies using testers, see James J.
Heckman & Peter Siegelman, The Urban Institute Audit Studies: Their Methods and Findings, in Clear and
Convincing Evidence: Measurement of Discrimination in America 187 (Michael Fix & Raymond J.
Struyk eds., 1993) (including commentary).

18. For example, smokers have higher rates of lung cancer than nonsmokers; thus smoking and
lung cancer are associated.

19. In medicine, evidence from clinical practice is often the starting point for the demonstration of
a causal effect. One famous example involves exposure of mothers to German measles during preg-
nancy, followed by blindness in their babies. N. McAlister Gregg, Congenital Cataract Following German
Measles in the Mother, 3 Transactions Ophthalmological Soc’y Austl. 35 (1941), reprinted in The Chal-
lenge of Epidemiology 426 (Carol Buck et al. eds., 1988).

20. Indeed, some courts have suggested that attempts to infer causation from anecdotal reports are
inadmissible as unsound methodology under Daubert v. Merrell Dow Pharmaceuticals, Inc., 509 U.S. 579
(1993). See, e.g., Haggerty v. Upjohn Co., 950 F. Supp. 1160, 1163-64 (S.D. Fla. 1996) (holding that
reports to the Food and Drug Administration of “adverse medical events” involving the drug Halcion
and “anecdotal case reports appearing in medical literature . . . can be used to generate hypotheses about
causation, but not causation conclusions” because “scientifically valid cause and effect determinations
depend on controlled clinical trials and epidemiological studies”); Cartwright v. Home Depot U.S.A.,
Inc., 936 F. Supp. 900, 905 (M.D. Fla. 1996) (excluding an expert’s opinion that latex paint caused
plaintiff’s asthma, in part because “case reports . . . are no substitute for a scientifically designed and
conducted inquiry”).

21. See Committee on the Possible Effects of Electromagnetic Fields on Biologic Sys., National
Research Council, Possible Health Eftects of Exposure to Residential Electric and Magnetic Fields
(1997); Zeisel & Kaye, supra note 1, at 66—67. There are serious problems in measuring exposure to
electromagnetic fields, and results are somewhat inconsistent from one study to another. For such
reasons, the epidemiologic evidence for an eftect on health is quite inconclusive. Id.; Martha S. Linet et
al., Residential Exposure to Magnetic Fields and Acute Lymphoblastic Leukemia in Children, 337 New Eng. J.
Med. 1 (1997); Edward W. Campion, Power Lines, Cancer, and Fear, 337 New Eng. J. Med. 44 (1997)
(editorial); Gary Taubes, Magnetic Field-Cancer Link: Will It Rest in Peace?, 277 Science 29 (1997) (quot-
ing various epidemiologists).
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lines could come from poorer families and be exposed to other environmental
hazards. These differences could create the appearance of a cause-and-effect
relationship, or they can mask a real relationship. Cause-and-effect relationships
often are quite subtle, and carefully designed studies are needed to draw valid
conclusions.?

Typically, a well-designed study will compare outcomes for subjects who are
exposed to some factor—the treatment group—and other subjects who are not
so exposed—the control group. A distinction must then be made between con-
trolled experiments and observational studies. In a controlled experiment, the
investigators decide which subjects are exposed to the factor of interest and
which subjects go into the control group. In most observational studies, the
subjects themselves choose their exposures. Because of this self-selection, the
treatment and control groups are likely to differ with respect to important fac-
tors other than the one of primary interest.” (These other factors are called
confounding variables or lurking variables.>*) With studies on the health effects
of power lines, family background is a possible confounder; so is exposure to
other hazards.”

22. Here is a classic example from epidemiology. At one time, it was thought that lung cancer was
caused by fumes from tarring the roads, because many lung cancer patients lived near roads that had
recently been paved. This is anecdotal evidence. But the logic is quite incomplete, because many
people without lung cancer were exposed to asphalt fumes. A comparison of rates is needed. Careful
study showed that lung cancer patients had similar rates of exposure to tar fumes as other people; the
real difference was in exposure to cigarette smoke. Richard Doll & A. Bradford Hill, A Study of the
Aetiology of Carcinoma of the Lung, 2 Brit. Med. J. 1271 (1952).

23. For present purposes, a variable is a numerical characteristic of units in a study. For instance, in
a survey of people, the unit of analysis is the person, and variables might include income (in dollars per
year) and educational level (years of schooling completed). In a study of school districts, the unit of
analysis is the district, and variables might include average family income of residents and average test
scores of students. When investigating a possible cause-and-effect relationship, the variable that charac-
terizes the effect is called the dependent variable, since it may depend on the causes; dependent variables
also are called response variables. In contrast, the variables that represent the causes are called indepen-
dent variables; independent variables also are called factors or explanatory variables.

24. A confounding variable is correlated with the independent variables and with the dependent
variable. If the units being studied differ on the independent variables, they are also likely to differ on
the confounder. Therefore, the confounder—not the independent variables—could be responsible for
differences seen on the dependent variable.

25. Confounding is a problem even in careful epidemiologic studies. For example, women with
herpes are more likely to develop cervical cancer than women who have not been exposed to the virus.
It was concluded that herpes caused cancer; in other words, the association was thought to be causal.
Later research suggests that herpes is only a marker of sexual activity. Women who have had multiple
sexual partners are more likely to be exposed not only to herpes but also to human papilloma virus.
Certain strains of papilloma virus seem to cause cervical cancer, while herpes does not. Apparently, the
association between herpes and cervical cancer is not causal but is due to the effect of other variables. See
Viral Etiology of Cervical Cancer (Richard Peto & Harald zur Hausen eds., 1986); The Epidemiology
of Cervical Cancer and Human Papillomavirus (N. Mufioz et al. eds. 1992). For additional examples
and discussion, see Freedman et al., supra note 16, at 12-27, 150-52; David Freedman, From Association
to Causation: Some Remarks on the History of Statistics, 14 Stat. Sci. 243 (1999).
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2. Randomized Controlled Experiments

In randomized controlled experiments, investigators assign subjects to treatment
or control groups at random. The groups are therefore likely to be quite compa-
rable—except for the treatment. Choosing at random tends to balance the groups
with respect to possible confounders, and the eftect of remaining imbalances can
be assessed by statistical techniques.® Consequently, inferences based on well-
executed randomized experiments are more secure than inferences based on
observational studies.”

The following illustration brings together the points made thus far. Many
doctors think that taking aspirin helps prevent heart attacks, but there is some
controversy. Most people who take aspirin do not have heart attacks; this is
anecdotal evidence for the protective effect, but proves very little. After all,
most people do not suffer heart attacks—whether or not they take aspirin regu-
larly. A careful study must compare heart attack rates for two groups: persons
who take aspirin (the treatment group) and persons who do not (the controls).
An observational study would be easy to do, but then the aspirin-takers are
likely to be different from the controls. If, for instance, the controls are healthier
to begin with, the study would be biased against the drug. Randomized experi-
ments with aspirin are harder to do, but they provide much better evidence. It
is the experiments that demonstrate a protective effect.

To summarize: First, outcome figures from a treatment group without a con-
trol group generally reveal very little and can be misleading. Comparisons are
essential. Second, if the control group was obtained through random assignment
before treatment, a difference in the outcomes between treatment and control
groups may be accepted, within the limits of statistical error, as the true measure
of the treatment effect.®® However, if the control group was created in any

26. See infra § IV.

27. Experiments, however, are often impractical, as in the power-line example. Even when ran-
domized controlled experiments are feasible, true randomization can be difficult to achieve. See, e.g.,
Kenneth F. Schulz, Subverting Randomization in Controlled Trials, 274 JAMA 1456 (1995); Rachel Nowak,
Problems in Clinical Trials Go Far Beyond Misconduct, 264 Science 1538 (1994). For statistical purposes,
randomization should be accomplished using some definite, objective method (like a random number
generator on a computer); haphazard assignment may not be sufficient.

28. Of course, the possibility that the two groups will not be comparable in some unrecognized
way can never be eliminated. Random assignment, however, allows the researcher to compute the
probability of seeing a large difference in the outcomes when the treatment actually has no effect. When
this probability is small, the difference in the response is said to be “statistically significant.” See infra
§ IV.B.2. Randomization of subjects to treatment or control groups puts statistical tests of significance
on a secure footing. Freedman et al., supra note 16, at 50324, 547-78.

Even more important, randomization also ensures that the assignment of subjects to treatment and
control groups is free from conscious or unconscious manipulation by investigators or subjects. Ran-
domization may not be the only way to ensure such protection, but “it is the simplest and best under-
stood way to certify that one has done so.” Philip W. Lavori et al., Designs for Experiments—DParallel
Comparisons of Treatment, in Medical Uses of Statistics 61, 66 (John C. Bailar IIT & Frederick Mosteller
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other way, differences in the groups that existed before treatment may contrib-
ute to differences in the outcomes, or mask differences that otherwise would be
observed. Thus, observational studies succeed to the extent that their treatment
and control groups are comparable—apart from the treatment.

3. Observational Studies

The bulk of the statistical studies seen in court are observational, not experi-
mental. Take the question of whether capital punishment deters murder. To do
a randomized controlled experiment, people would have to be assigned ran-
domly to a control group and a treatment group. The controls would know
that they could not receive the death penalty for murder, while those in the
treatment group would know they could be executed. The rate of subsequent
murders by the subjects in these groups would be observed. Such an experiment
is unacceptable—politically, ethically, and legally.?

Nevertheless, many studies of the deterrent effect of the death penalty have
been conducted, all observational, and some have attracted judicial attention.*
Researchers have catalogued differences in the incidence of murder in states
with and without the death penalty, and they have analyzed changes in homi-
cide rates and execution rates over the years. In such observational studies, in-
vestigators may speak of control groups (such as the states without capital pun-
ishment) and of controlling for potentially confounding variables (e.g., worsen-
ing economic conditions).”® However, association is not causation, and the causal
inferences that can be drawn from such analyses rest on a less secure foundation
than that provided by a randomized controlled experiment.*

eds., 2d ed. 1992). To avoid ambiguity, the researcher should be explicit “about how the randomiza-
tion was done (e.g., table of random numbers) and executed (e.g., by sealed envelopes prepared in
advance).” Id. See also Colin Begg et al., Improving the Quality of Reporting of Randomized Controlled
Trials: The CONSORT Statement, 276 JAMA 637 (1996).

29. Cf. Experimentation in the Law: Report of the Federal Judicial Center Advisory Committee
on Experimentation in the Law (Federal Judicial Center 1981) [hereinafter Experimentation in the
Law] (study of ethical issues raised by controlled experimentation in the evaluation of innovations in the
justice system).

30. Sce generally Hans Zeisel, The Deterrent Effect of the Death Penalty: Facts v. Faith, 1976 Sup. Ct.
Rev. 317.

31. A procedure often used to control for confounding in observational studies is regression analy-
sis. The underlying logic is described infra § V.D and in Daniel L. Rubinfeld, Reference Guide on
Multiple Regression, § II, in this manual. The early enthusiasm for using multiple regression analysis to
study the death penalty was not shared by reviewers. Compare Isaac Ehrlich, The Deterrent Effect of
Capital Punishment: A Question of Life and Death, 65 Am. Econ. Rev. 397 (1975), with, e.g., Lawrence R.
Klein et al., The Deterrent Effect of Capital Punishment: An Assessment of the Estimates, in Panel on Re-
search on Deterrent and Incapacitative Effects, National Research Council, Deterrence and Incapacita-
tion: Estimating the Effects of Criminal Sanctions on Crime Rates 336 (Alfred Blumstein et al. eds.,
1978); Edward Leamer, Let’s Take the Con Out of Econometrics, 73 Am. Econ. Rev. 31 (1983).

32. See, e.g., Experimentation in the Law, supra note 29, at 18:

[G]roups selected without randomization will [almost] always differ in some systematic way other than expo-

sure to the experimental program. Statistical techniques can eliminate chance as a feasible explanation for the
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Of course, observational studies can be very useful. The evidence that smok-
ing causes lung cancer in humans, although largely observational, is compelling.
In general, observational studies provide powerful evidence in the following
circumstances:

* The association is seen in studies of different types among different groups.
This reduces the chance that the observed association is due to a defect in
one type of study or a peculiarity in one group of subjects.

* The association holds when the effects of plausible confounding variables
are taken into account by appropriate statistical techniques, such as compar-
ing smaller groups that are relatively homogeneous with respect to the fac-
tor.”

e There is a plausible explanation for the effect of the independent variables;
thus, the causal link does not depend on the observed association alone.
Other explanations linking the response to confounding variables should be
less plausible.*

When these criteria are not fulfilled, observational studies may produce le-
gitimate disagreement among experts, and there is no mechanical procedure for
ascertaining who is correct. In the end, deciding whether associations are causal
is not a matter of statistics, but a matter of good scientific judgment, and the
questions that should be asked with respect to data offered on the question of
causation can be summarized as follows:

* Was there a control group? If not, the study has little to say about causation.

* If there was a control group, how were subjects assigned to treatment or
control: through a process under the control of the investigator (a con-
trolled experiment) or a process outside the control of the investigator (an
observational study)?

differences, . . . [bJut without randomization there are no certain methods for determining that observed

differences between groups are not related to the preexisting, systematic difference. . . . [Clomparison be-

tween systematically different groups will yield ambiguous implications whenever the systematic difference
affords a plausible explanation for apparent effects of the experimental program.

33. The idea is to control for the influence of a confounder by making comparisons separately
within groups for which the confounding variable is nearly constant and therefore has little influence
over the variables of primary interest. For example, smokers are more likely to get lung cancer than
nonsmokers. Age, gender, social class, and region of residence are all confounders, but controlling for
such variables does not really change the relationship between smoking and cancer rates. Furthermore,
many different studies—of different types and on different populations—confirm the causal link. That
is why most experts believe that smoking causes lung cancer and many other diseases. For a review of’
the literature, see 38 International Agency for Research on Cancer (IARC), World Health Org., IARC
Monographs on the Evaluation of the Carcinogenic Risk of Chemicals to Humans: Tobacco Smoking
(1986).

34. A. Bradford Hill, The Environment and Disease: Association or Causation?, 58 Proc. Royal Soc’y
Med. 295 (1965); Alfred S. Evans, Causation and Disease: A Chronological Journey 187 (1993).
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o If the study was a controlled experiment, was the assignment made using a
chance mechanism (randomization), or did it depend on the judgment of
the investigator?

o If the data came from an observational study or a nonrandomized con-
trolled experiment, how did the subjects come to be in treatment or in
control groups? Are the groups comparable? What factors are confounded
with treatment? What adjustments were made to take care of confounding?
Were they sensible?®®

4. Can the Results Be Generalized?

Any study must be conducted on a certain group of subjects, at certain times and
places, using certain treatments. With respect to these subjects, the study may be
persuasive. There may be adequate control over confounding variables, and
there may be an unequivocally large difference between the treatment and con-
trol groups. If so, the study’s internal validity will not be disputed: for the sub-
jects in the study, the treatment had an effect. But an issue of external validity
remains. To extrapolate from the conditions of a study to more general circum-
stances always raises questions. For example, studies suggest that definitions of
insanity given to jurors influence decisions in cases of incest;* would the
definitions have a similar effect in cases of murder? Other studies indicate that
recidivism rates for ex-convicts are not affected by temporary financial support
after release.”” Would the same results be obtained with different conditions in
the labor market?

Confidence in the appropriateness of an extrapolation cannot come from the
experiment itself.*® It must come from knowledge about which outside factors

35. These questions are adapted from Freedman et al., supra note 16, at 28. For discussions of the
admissibility or weight of studies that overlook obvious possible confounders, see People Who Care v.
Rockford Board of Education, 111 F.3d 528, 537-38 (7th Cir. 1997) (“The social scientific literature on
educational achievement identifies a number of other variables besides poverty and discrimination that
explain difterences in scholastic achievement, such as the educational attainments of the student’s par-
ents and the extent of their involvement in their children’s schooling. . . . These variables cannot be
assumed to be either randomly distributed across the different racial and ethnic groups in Rockford or
perfectly correlated with poverty. . . .”); cases cited supra note 5 and infra note 230.

36. See Rita James Simon, The Jury and the Defense of Insanity 58-59 (1967).

37. For an experiment on income support and recidivism, see Peter H. Rossi et al., Money, Work,
and Crime: Experimental Evidence (1980). The interpretation of the data has proved controversial. See
Hans Zeisel, Disagreement over the Evaluation of a Controlled Experiment, 88 Am. J. Soc. 378 (1982) (with
commentary).

38. Suppose an epidemiologic study is conducted on the relationship between a toxic substance
and a disease. The rate of occurrence of the disease in a group of persons exposed to the substance is
compared to the rate in a control group, and the rate in the exposed group turns out to be more than
double the rate in the control group. (More technically, the relative risk exceeds two.) Do these data
imply that a plaintiff who was exposed to the toxic substance and contracted the disease probably would
not have contracted the disease but for the exposure? If we assume that the substance causes the disease
and all confounding has been properly accounted for (a judgment that might not be easy to defend),
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would or would not affect the outcome.” Sometimes, several experiments or
other studies, each having difterent limitations, all point in the same direction.
This is the case, for example, with eight studies indicating that jurors who ap-
prove of the death penalty are more likely to convict in a capital case.* Such
convergent results strongly suggest the validity of the generalization.

then we can conclude that over half the cases of disease in the exposed group would not be there but for
the exposure. Applying this arithmetic to a specific person, however, is problematic. For instance, the
relative risk is an average over all the subjects included in the study. The exposures and susceptibilities
almost certainly are not uniform, and the plaintiff’s exposure and susceptibility cannot be known from
the study. Nevertheless, several courts and commentators have stated that a relative risk of more than
two demonstrates specific causation, or, conversely, that a relative risk of two or less precludes a finding
of specific causation. E.g., DeLuca v. Merrell Dow Pharms., Inc., 911 F.2d 941, 958-59 (3d Cir. 1990);
Marder v. G.D. Searle & Co., 630 F. Supp. 1087, 1092 (D. Md. 1986) (“‘a two-fold increased risk is . . .
the equivalent of the required legal burden of proof—a showing of causation by the preponderance of’
the evidence or, in other words, a probability of greater than 50%”), aff’d sub nom. Wheelahan v. G.D.
Searle & Co., 814 F.2d 655 (4th Cir. 1987); Bert Black & David E. Lilienfeld, Epidemiologic Proof in
Toxic Tort Litigation, 52 Fordham L. Rev. 732, 769 (1984); Michael D. Green et al., Reference Guide
on Epidemiology, § VII, in this manual. A few commentators have sharply criticized this reasoning.
Steven E. Fienberg et al., Understanding and Evaluating Statistical Evidence in Litigation, 36 Jurimetrics J. 1,
9 (1995); Diana B. Petitti, Reference Guide on Epidemiology, 36 Jurimetrics J. 159, 168 (1996) (review
essay); D.A. Freedman & Philip B. Stark, The Swine Flu Vaccine and Guillain-Barré Syndrome: A Case
Study in Relative Risk and Specific Causation, 23 Evaluation Rev. 619 (1999); James Robins & Sander
Greenland, The Probability of Causation Under a Stochastic Model for Individual Risk, 45 Biometrics 1125,
1126 (1989); Melissa Moore Thompson, Comment, Causal Inference in Epidemiology: Implications for
Toxic Tort Litigation, 71 N.C. L. Rev. 247 (1992).

39. Such judgments are easiest in the physical and life sciences, but even here, there are problems.
For example, it may be difficult to infer human reactions to substances that affect animals. First, there
are often inconsistencies across test species: A chemical may be carcinogenic in mice but not in rats.
Extrapolation from rodents to humans is even more problematic. Second, to get measurable effects in
animal experiments, chemicals are administered at very high doses. Results are extrapolated—using
mathematical models—to the very low doses of concern in humans. However, there are many dose-
response models to use and few grounds for choosing among them. Generally, different models pro-
duce radically different estimates of the “virtually safe dose” in humans. David A. Freedman & Hans
Zeisel, From Mouse to Man: The Quantitative Assessment of Cancer Risks, 3 Stat. Sci. 3 (1988). For these
reasons, many experts—and some courts in toxic tort cases—have concluded that evidence from animal
experiments is generally insufficient by itself to establish causation. See generally Bruce N. Ames et al.,
The Causes and Prevention of Cancer, 92 Proc. Nat’l Acad. Sci. USA 5258 (1995); Susan R. Poulter,
Science and Toxic Torts: Is There a Rational Solution to the Problem of Causation?, 7 High Tech. L.J. 189
(1993) (epidemiological evidence on humans is needed). See also Committee on Comparative Toxicity
of Naturally Occurring Carcinogens, National Research Council, Carcinogens and Anticarcinogens in
the Human Diet: A Comparison of Naturally Occurring and Synthetic Substances (1996); Committee
on Risk Assessment of Hazardous Air Pollutants, National Research Council, Science and Judgment in
Risk Assessment 59 (1994) (“There are reasons based on both biologic principles and empirical obser-
vations to support the hypothesis that many forms of biologic responses, including toxic responses, can
be extrapolated across mammalian species, including Homo sapiens, but the scientific basis of such ex-
trapolation is not established with sufficient rigor to allow broad and definitive generalizations to be
made.”).

40. Phoebe C. Ellsworth, Some Steps Between Attitudes and Verdicts, in Inside the Juror 42, 46 (Reid
Hastie ed., 1993). Nevertheless, in Lockhart v. McCree, 476 U.S. 162 (1986), the Supreme Court held
that the exclusion of opponents of the death penalty in the guilt phase of a capital trial does not violate
the constitutional requirement of an impartial jury.
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B. Descriptive Surveys and Censuses

Having discussed the statistical logic of studies to investigate causation, we now
turn to a second topic—sampling, that is, choosing units for study. A census tries
to measure some characteristic of every unit in a population of individuals or
objects. A survey, alternatively, measures characteristics only in part of a popu-
lation. The accuracy of the information collected in a census or survey depends
on how the units are selected, which units are actually measured, and how the
measurements are made.*!

1. What Method Is Used to Select the Units?

By definition, a census seeks to measure some characteristic of every unit in a
whole population. It may fall short of this goal, in which case the question must
be asked whether the missing data are likely to differ in some systematic way
from the data that are collected. The U.S. Bureau of the Census estimates that
the past six censuses failed to count everyone, and there is evidence that the
undercount is greater in certain subgroups of the population.** Supplemental
studies may enable statisticians to adjust for such omissions, but the adjustments
may rest on uncertain assumptions.*

The methodological framework of a scientific survey is more complicated
than that of a census. In surveys that use probability sampling methods, a sam-
pling frame (that is, an explicit list of units in the population) is created. Indi-
vidual units then are selected by a kind of lottery procedure, and measurements
are made on these sampled units. For example, a defendant charged with a
notorious crime who seeks a change of venue may commission an opinion poll
to show that popular opinion is so adverse and deep-rooted that it will be difficult

41. For more extended treatment of these issues, see Shari Seidman Diamond, Reference Guide on
Survey Research, § III, in this manual.

42. See generally Harvey M. Choldin, Looking for the Last Percent: The Controversy Over Census
Undercounts 42—43 (1994).

43. For conflicting views on proposed adjustments to the 1990 census, see the exchanges of papers
at 9 Stat. Sci. 458 (1994), 18 Surv. Methodology No. 1 (1992), 88 J. Am. Stat. Ass’n 1044 (1993), and
34 Jurimetrics J. 65 (1993). In Wisconsin v. City of New York, 517 U.S. 1 (1996), the Supreme Court
resolved the conflict among the circuits over the legal standard governing claims that adjustment is
compelled by statute or the Constitution. The Court unanimously determined that the exacting re-
quirements of the equal protection clause, as explicated in congressional redistricting and state reappor-
tionment cases, do not “translate into a requirement that the Federal Government conduct a census that
is as accurate as possible” and do not provide any basis for “preferring numerical accuracy to distributive
accuracy.” Id. at 17, 18. The Court therefore applied a much less demanding standard to the Secretary’s
decision. Concluding that the government had shown “a reasonable relationship” between the decision
not to make post hoc adjustments and “the accomplishment of an actual enumeration of the popula-
tion, keeping in mind the constitutional purpose of the census . . . to determine the apportionment of’
the Representatives among the States,” the Court held that the decision satisfied the Constitution.
Indeed, having rejected the argument that the Constitution compelled statistical adjustment, the Court
noted that the Constitution might prohibit such adjustment. Id. at 19 n.9, 20.
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to impanel an unbiased jury. The population consists of all persons in the juris-
diction who might be called for jury duty. A sampling frame here could be the
list of these persons as maintained by appropriate officials.* In this case, the fit
between the sampling frame and the population would be excellent.*

In other situations, the sampling frame may cover less of the population. In
an obscenity case, for example, the defendant’s opinion poll about community
standards*® should identify the population as all adults in the legally relevant
community, but obtaining a full list of all such people may not be possible. If
names from a telephone directory are used, people with unlisted numbers are
excluded from the sampling frame. If these people, as a group, hold difterent
opinions from those included in the sampling frame, the poll will not reflect this
difference, no matter how many individuals are polled and no matter how well
their opinions are elicited.*” The poll’s measurement of community opinion
will be biased, although the magnitude of this bias may not be great.

44. If the jury list is not compiled properly from appropriate sources, it might be subject to chal-
lenge. See David Kairys et al., Jury Representativeness: A Mandate for Multiple Source Lists, 65 Cal. L. Rev.
776 (1977).

45. Likewise, in drug investigations the sampling frame for testing the contents of vials, bags, or
packets seized by police easily can be devised to match the population of all the items seized in a single
case. Because testing each and every item can be quite time-consuming and expensive, chemists often
draw a probability sample, analyze the material that is sampled, and use the percentage of illicit drugs
found in the sample to determine the total quantity of illicit drugs in all the items seized. E.g., United
States v. Shonubi, 895 F. Supp. 460, 470 (E.D.N.Y. 1995) (citing cases), rev’d on other grounds, 103 F.3d
1085 (2d Cir. 1997). For discussions of statistical estimation in such cases, see C.G.G. Aitken et al.,
Estimation of Quantities of Drugs Handled and the Burden of Proof, 160 J. Royal Stat. Soc’y 333 (1997); Dov
Tzidony & Mark Ravreby, A Statistical Approach to Drug Sampling: A Case Study, 37 J. Forensic Sci.
1541 (1992); Johan Bring & Colin Aitken, Burden of Proof and Estimation of Drug Quantities Under the
Federal Sentencing Guidelines, 18 Cardozo L. Rev. 1987 (1997).

46. On the admissibility of such polls, compare Saliba v. State, 475 N.E.2d 1181, 1187 (Ind. Ct.
App. 1985) (“Although the poll did not . . . [ask] the interviewees . . . whether the particular film was
obscene, the poll was relevant to an application of community standards”), with United States v. Pryba,
900 F.2d 748, 757 (4th Cir. 1990) (“Asking a person in a telephone interview as to whether one is
offended by nudity, is a far cry from showing the materials . . . and then asking if they are offensive,” so
exclusion of the survey results was proper).

47. A classic example of selection bias is the 1936 Literary Digest poll. After successfully predicting
the winner of every U.S. presidential election since 1916, the Digest used the replies from 2.4 million
respondents to predict that Alf Landon would win 57% to 43%. In fact, Franklin Roosevelt won by a
landslide vote of 62% to 38%. See Freedman et al., supra note 16, at 334-35. The Digest was so far off,
in part, because it chose names from telephone books, rosters of clubs and associations, city directories,
lists of registered voters, and mail order listings. Id. at 335, A-20 n.6. In 1936, when only one household
in four had a telephone, the people whose names appeared on such lists tended to be more affluent. Lists
that overrepresented the affluent had worked well in earlier elections, when rich and poor voted along
similar lines, but the bias in the sampling frame proved fatal when the Great Depression made econom-
ics a salient consideration for voters. See Judith M. Tanur, Samples and Surveys, in Perspectives on
Contemporary Statistics 55, 57 (David C. Hoaglin & David S. Moore eds., 1992). Today, survey
organizations conduct polls by telephone, but most voters have telephones, and these organizations
select the numbers to call at random rather than sampling names from telephone books.
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Not all surveys use random selection. In some commercial disputes involving
trademarks or advertising, the population of all potential purchasers of the prod-
ucts is difficult to identify. Some surveyors may resort to an easily accessible
subgroup of the population, such as shoppers in a mall.¥ Such convenience
samples may be biased by the interviewer’s discretion in deciding whom to
interview—a form of selection bias—and the refusal of some of those approached
to participate—nonresponse bias.* Selection bias is acute when constituents
write their representatives, listeners call into radio talk shows, interest groups
% or attorneys choose cases for trial.>!
Selection bias also affects data from jury-reporting services that gather informa-
tion from readily available sources.

Various procedures are available to cope with selection bias. In quota sam-
pling, the interviewer is instructed to interview so many women, so many older
men, so many ethnic minorities, or the like. But quotas alone still leave too
much discretion to the interviewers in selecting among the members of each
category, and therefore do not solve the problem of selection bias.

Probability sampling methods, in contrast, ideally are suited to avoid selec-
tion bias. Once the conceptual population is reduced to a tangible sampling
frame, the units to be measured are selected by some kind of lottery that gives
each unit in the sampling frame a known, nonzero probability of being chosen.
Selection according to a table of random digits or the like® leaves no room for
selection bias. These procedures are used routinely to select individuals for jury

collect information from their members,’

48. E.g., R.J. Reynolds Tobacco Co. v. Loew’s Theatres, Inc., 511 F. Supp. 867, 876 (S.D.N.Y.
1980) (questioning the propriety of basing a “nationally projectable statistical percentage” on a subur-
ban mall intercept study).

49. Nonresponse bias is discussed infra § 11.B.2.

50. E.g., Pittsburgh Press Club v. United States, 579 F.2d 751, 759 (3d Cir. 1978) (tax-exempt
club’s mail survey of its members to show little sponsorship of income-producing uses of facilities was
held to be inadmissible hearsay because it “was neither objective, scientific, nor impartial”), rev’d on
other grounds, 615 F.2d 600 (3d Cir. 1980).

51. See In re Chevron U.S.A., Inc., 109 F.3d 1016 (5th Cir. 1997). In that case, the district court
decided to try 30 cases to resolve common issues or to ascertain damages in 3,000 claims arising from
Chevron’s allegedly improper disposal of hazardous substances. The court asked the opposing parties to
select 15 cases each. Selecting 30 extreme cases, however, is quite different from drawing a random
sample of 30 cases. Thus, the court of appeals wrote that although random sampling would have been
acceptable, the trial court could not use the results in the 30 extreme cases to resolve issues of fact or
ascertain damages in the untried cases. Id. at 1020. Those cases, it warned, were “not cases calculated to
represent the group of 3,000 claimants.” Id.

52. Insimple random sampling, units are drawn at random without replacement. In particular, each
unit has the same probability of being chosen for the sample. More complicated methods, such as
stratified sampling and cluster sampling, have advantages in certain applications. In systematic sampling,
every fifth, tenth, or hundredth (in mathematical jargon, every nth) unit in the sampling frame is
selected. If the starting point is selected at random and the units are not in any special order, then this
procedure is comparable to simple random sampling.
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duty;> they also have been used to choose “bellwether” cases for representative
trials to resolve issues in all similar cases.>

2. Of the Units Selected, Which Are Measured?

Although probability sampling ensures that, within the limits of chance, the
sample will be representative of the sampling frame, the question remains as to
which units actually get measured. When objects like receipts are sampled for an
audit, or vegetation is sampled for a study of the ecology of a region, all the
selected units can be examined. Human beings are more troublesome. Some
may refuse to respond, and the survey should report the nonresponse rate. A
large nonresponse rate warns of bias, although supplemental study may estab-
lish that the nonrespondents do not differ systematically from the respondents
with respect to the characteristics of interest™ or may permit the missing data to

53. Before 1968, most federal districts used the “key man” system for compiling lists of eligible
jurors. Individuals believed to have extensive contacts in the community would suggest names of pro-
spective jurors, and the qualified jury wheel would be made up from those names. To reduce the risk of’
discrimination associated with this system, the Jury Selection and Service Act of 1968, 28 U.S.C.
§§ 18611878 (1988), substituted the principle of “random selection of juror names from the voter lists
of the district or division in which court is held.” S. Rep. No. 891, 90th Cong., 1st Sess. 10 (1967),
reprinted in 1968 U.S.C.C.A.N. 1792, 1793.

54. Hilao v. Estate of Marcos, 103 F.3d 767 (9th Cir. 1996); Cimino v. Raymark Indus., Inc., 751
F. Supp. 649 (E.D. Tex. 1990); ¢f. In re Chevron U.S.A., Inc., 109 F.3d 1016 (5th Cir. 1997) (discussed
supra note 51). Although trials in a suitable random sample of cases can produce reasonable estimates of’
average damages, the propriety of precluding individual trials has been debated. Compare Michael J. Saks
& Peter David Blanck, Justice Improved: The Unrecognized Benefits of Aggregation and Sampling in the Trial
of Mass Torts, 44 Stan. L. Rev. 815 (1992), with Chevron, 109 F.3d at 1021 (Jones, J., concurring);
Robert G. Bone, Statistical Adjudication: Rights, Justice, and Utility in a World of Process Scarcity, 46 Vand.
L. Rev. 561 (1993).

55. The 1936 Literary Digest election poll (see supra note 47) illustrates the danger. Only 24% of the
10 million people who received questionnaires returned them. Most of the respondents probably had
strong views on the candidates, and most of them probably objected to President Roosevelt’s economic
program. This self-selection is likely to have biased the poll. Maurice C. Bryson, The Literary Digest
Poll: Making of a Statistical Myth, 30 Am. Statistician 184 (1976); Freedman et al., supra note 16, at 335—
36.

In United States v. Gometz, 730 F.2d 475, 478 (7th Cir. 1984) (en banc), the Seventh Circuit
recognized that “a low rate of response to juror questionnaires could lead to the underrepresentation of
a group that is entitled to be represented on the qualified jury wheel.” Nevertheless, the court held that
under the Jury Selection and Service Act of 1968, 28 U.S.C. §§ 1861-1878 (1988), the clerk did not
abuse his discretion by failing to take steps to increase a response rate of 30%. According to the court,
“Congress wanted to make it possible for all qualified persons to serve on juries, which is different from
forcing all qualified persons to be available for jury service.” Gometz, 730 F.2d at 480. Although it
might “be a good thing to follow up on persons who do not respond to a jury questionnaire,” the court
concluded that Congress “was not concerned with anything so esoteric as nonresponse bias.” Id. at 479,
482.

56. Even when demographic characteristics of the sample match those of the population, however,
caution still is indicated. In the 1980s, a behavioral researcher sent out 100,000 questionnaires to ex-
plore how women viewed their relationships with men. Shere Hite, Women and Love: A Cultural
Revolution in Progress (1987). She amassed a huge collection of anonymous letters from thousands of
women disillusioned with love and marriage, and she wrote that these responses established that the
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be imputed.”’

In short, a good survey defines an appropriate population, uses an unbiased
method for selecting the sample, has a high response rate, and gathers accurate
information on the sample units. When these goals are met, the sample tends to
be representative of the population: the measurements within the sample de-
scribe fairly the characteristics in the population. It remains possible, however,
that despite every precaution, the sample, being less than exhaustive, is not
representative; proper statistical analysis helps address the magnitude of this risk,
at least for probability samples.®® Of course, surveys may be useful even if they
fail to meet all of the criteria given above; but then, additional arguments are
needed to justify the inferences.

C. Individual Measurements

1. Is the Measurement Process Reliable?

There are two main aspects to the accuracy of measurements—reliability and
validity. In science, “reliability” refers to reproducibility of results.”” A reliable
measuring instrument returns consistent measurements of the same quantity. A
scale, for example, is reliable if it reports the same weight for the same object
time and again. It may not be accurate—it may always report a weight that is too
high or one that is too low—but the perfectly reliable scale always reports the

“outcry” of feminists “against the many injustices of marriage—exploitation of women financially,
physically, sexually, and emotionally” is “just and accurate.” Id. at 344. The outcry may indeed be
justified, but this research does little to prove the point. About 95% of the 100,000 inquiries did not
produce responses. The nonrespondents may have had less distressing experiences with men and there-
fore did not see the need to write autobiographical letters. Furthermore, this systematic difference
would be expected within every demographic and occupational class. Therefore, the argument that the
sample responses are representative because “those participating according to age, occupation, religion,
and other variables known for the U.S. population at large in most cases quite closely mirrors that of the
U.S. female population” is far from convincing. Id. at 777. In fact, the results of this nonrandom sample
differ dramatically from those of polls with better response rates. See Chamont Wang, Sense and Non-
sense of Statistical Inference: Controversy, Misuse, and Subtlety 174=76 (1993). For further criticism of’
this study, see David Streitfeld, Shere Hite and the Trouble with Numbers, 1 Chance 26 (1988).

57. Methods for “imputing” missing data are discussed in, e.g., Tanur, supra note 47, at 66 and
Howard Wainer, Eelworms, Bullet Holes, and Geraldine Ferraro: Some Problems with Statistical Adjustment
and Some Solutions, 14 J. Educ. Stat. 121 (1989) (with commentary). The easy case is one in which the
response rate is so high that even if all nonrespondents had responded in a way adverse to the proponent
of the survey, the substantive conclusion would be unaltered. Otherwise, imputation can be problem-
atic.

58. See infra § IV.

59. Courts often use “reliable” to mean “that which can be relied on” for some purpose, such as
establishing probable cause or crediting a hearsay statement when the declarant is not produced for
confrontation. Daubert v. Merrell Dow Pharmaceuticals, Inc., 509 U.S. 579, 590 n.9 (1993), for instance,
distinguishes “evidentiary reliability” from reliability in the technical sense of giving consistent results.
We use “reliability” to denote the latter.
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same weight for the same object. Its errors, if any, are systematic; they always
point in the same direction.

Reliability can be ascertained by measuring the same quantity several times.
For instance, one method of DNA identification requires a laboratory to deter-
mine the lengths of fragments of DNA. By making duplicate measurements of
DNA fragments, a laboratory can determine the likelihood that two measure-
ments will differ by specified amounts.®® Such results are needed when deciding
whether an observed discrepancy between a crime sample and a suspect sample
is sufficient to exclude the suspect.*!

In many studies, descriptive information is obtained on the subjects. For sta-
tistical purposes, the information may have to be reduced to numbers, a process
called “coding.” The reliability of the coding process should be considered. For
instance, in a study of death sentencing in Georgia, legally trained evaluators
examined short summaries of cases and ranked them according to the defendant’s
culpability.®* Two different aspects of reliability are worth considering. First,
the “within-observer” variability of judgments should be small—the same evalu-
ator should rate essentially identical cases the same way. Second, the “between-
observer” variability should be small—different evaluators should rate the same
cases the same way.

2. Is the Measurement Process Valid?

Reliability is necessary, but not sufficient, to ensure accuracy. In addition to
reliability, “validity” is needed. A valid measuring instrument measures what it
is supposed to. Thus, a polygraph measures certain physiological responses to
stimuli. It may accomplish this task reliably. Nevertheless, it is not valid as a lie
detector unless increases in pulse rate, blood pressure, and the like are well
correlated with conscious deception. Another example involves the MMPI
(Minnesota Multiphasic Personality Inventory), a pencil and paper test that,
many psychologists agree, measures aspects of personality or psychological func-
tioning. Its reliability can be quantified. But this does not make it a valid test of
sexual deviancy.®

When an independent and reasonably accurate way of measuring the variable
of interest is available, it may be used to validate the measuring system in ques-

60. See Committee on DNA Forensic Science: An Update, National Research Council, The Evalu-
ation of Forensic DNA Evidence 139-41 (1996).

61. Id.; Committee on DNA Tech. in Forensic Science, National Research Council, DNA Tech-
nology in Forensic Science 61-62 (1992); David H. Kaye & George F. Sensabaugh, Jr., Reference
Guide on DNA Evidence, § VII, in this manual.

62. David C. Baldus et al., Equal Justice and the Death Penalty: A Legal and Empirical Analysis 49—
50 (1990).

63. See People v. John W., 229 Cal. Rptr. 783, 785 (Ct. App. 1986) (holding that because the use
of the MMPI to diagnose sexual deviancy was not shown to be generally accepted as valid in the
scientific community, a diagnosis based in part on the MMPI was inadmissible).
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tion. Breathalyzer readings may be validated against alcohol levels found in blood
samples. Employment test scores may be validated against job performance. A
common measure of validity is the correlation coefficient between the criterion
(job performance) and the predictor (the test score).**

3. Are the Measurements Recorded Correctly?

Judging the adequacy of data collection may involve examining the process by
which measurements are recorded and preserved. Are responses to interviews
coded and logged correctly? Are all the responses to a survey included? If gaps or
mistakes are present, do they distort the results?®

II1. How Have the Data Been Presented?

After data have been collected, they should be presented in a way that makes
them intelligible. Data can be summarized with a few numbers or with graphi-
cal displays. However, the wrong summary can mislead.®® Section III.A dis-
cusses rates or percentages, and gives some cautionary examples of misleading
summaries, indicating the sorts of questions that might be considered when
numerical summaries are presented in court. Percentages are often used to dem-
onstrate statistical association, which is the topic of section III.B. Section III.C

64. E.g., Washington v. Davis, 426 U.S. 229, 252 (1976); Albemarle Paper Co. v. Moody, 422
U.S. 405, 430-32 (1975). As the discussion of the correlation coefticient indicates, infra § V.B, the
closer the coefficient is to 1, the greater the validity. Various statistics are used to characterize the
reliability of laboratory instruments, psychological tests, or human judgments. These include the stan-
dard deviation as well as the correlation coefticient. See infra §§ III, V.

65. See, e.g., McCleskey v. Kemp, 753 F.2d 877, 914-15 (11th Cir. 1985) (district court was
unpersuaded by a statistical analysis of capital sentencing, in part because of various imperfections in the
study, including discrepancies in the data and missing data; concurring and dissenting opinion con-
cludes that the district court’s findings on missing and misrecorded data were clearly erroneous because
the possible errors were not large enough to affect the overall results; for an exposition of the study and
response to such criticisms, see Baldus et al., supra note 62), aff’d, 481 U.S. 279 (1987); G. Heileman
Brewing Co. v. Anheuser-Busch, Inc., 676 F. Supp. 1436, 1486 (E.D. Wis. 1987) (“many coding
errors . . . affected the results of the survey”); EEOC v. Sears, Roebuck & Co., 628 F. Supp. 1264,
1304, 1305 (N.D. III. 1986) (“[E]rrors in EEOC’s mechanical coding of information from applications
in its hired and nonhired samples also make EEOC’s statistical analysis based on this data less reliable.”
The EEOC “consistently coded prior experience in such a way that less experienced women are con-
sidered to have the same experience as more experienced men” and “has made so many general coding
errors that its data base does not fairly reflect the characteristics of applicants for commission sales
positions at Sears.”), affd, 839 F.2d 302 (7th Cir. 1988); Dalley v. Michigan Blue Cross-Blue Shield,
Inc., 612 F. Supp. 1444, 1456 (E.D. Mich. 1985) (“although plaintifts show that there were some
mistakes in coding, plaintiffs still fail to demonstrate that these errors were so generalized and so perva-
sive that the entire study is invalid”).

66. See generally Freedman et al., supra note 16; Huff, supra note 16; Moore, supra note 16; Zeisel,
supra note 16.
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considers graphical summaries of data, while sections IIL.D and IIL.E discuss
some of the basic descriptive statistics that are likely to be encountered in litiga-
tion, including the mean, median and standard deviation.

A. Are Rates or Percentages Properly Interpreted?
1. Have Appropriate Benchmarks Been Provided?

Selective presentation of numerical information is like quoting someone out of
context. A television commercial for the Investment Company Institute (the
mutual fund trade association) said that a $10,000 investment made in 1950 in
an average common stock mutual fund would have increased to $113,500 by
the end of 1972. On the other hand, according to the Wall Street Journal, the
same investment spread over all the stocks making up the New York Stock
Exchange Composite Index would have grown to $151,427. Mutual funds per-
formed worse than the stock market as a whole.?” In this example, and in many
other situations, it is helpful to look beyond a single number to some bench-
mark that places the isolated figure into perspective.

2. Have the Data-Collection Procedures Changed?

Changes in the process of collecting data can create problems of interpretation.
Statistics on crime provide many examples. The number of petty larcenies re-
ported in Chicago more than doubled between 1959 and 1960—mnot because of
an abrupt crime wave, but because a new police commissioner introduced an
improved reporting system.®® During the 1970s, police officials in Washington,
D.C., “demonstrated” the success of President Nixon’s law-and-order cam-
paign by valuing stolen goods at $49, just below the $50 threshold for inclusion
in the Federal Bureau of Investigation’s (FBI) Uniform Crime Reports.*’
Changes in data-collection procedures are by no means limited to crime sta-

70

tistics.”’ Indeed, almost all series of numbers that cover many years are affected

by changes in definitions and collection methods. When a study includes such
time series data, it is useful to inquire about changes and to look for any sudden
jumps, which may signal such changes.”

67. Moore, supra note 16, at 161.

68. Id. at 162.

69. James P. Levine et al., Criminal Justice in America: Law in Action 99 (1986).

70. For example, improved survival rates for cancer patients may result from improvements in
therapy. Or, the change may simply mean that cancers now are detected earlier, due to improvements
in diagnostic techniques, so that patients with these cancers merely appear to live longer. See Richard
Doll & Richard Peto, The Causes of Cancer: Quantitative Estimates of Avoidable Risks of Cancer in
the United States Today app. C at 1278-79 (1981).

71. Moore, supra note 16, at 162.
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3. Are the Categories Appropriate?

Misleading summaries also can be produced by choice of categories for com-
parison. In Philip Morris, Inc. v. Loew’s Theatres, Inc.,”* and R.]J. Reynolds Tobacco
Co. v. Loew’s Theatres, Inc.,” Philip Morris and R.J. Reynolds sought an injunc-
tion to stop the maker of Triumph low-tar cigarettes from running advertise-
ments claiming that participants in a national taste test preferred Triumph to
other brands. Plaintiffs alleged that claims that Triumph was a “national taste test
winner” or Triumph “beats” other brands were false and misleading. An exhibit
introduced by the defendant contained the data shown in Table 1.7

Table 1. Data used by defendant to refute plaintiffs’ false advertising claim

Triumph Triumph Triumph Triumph Triumph
much better somewhat better about the same somewhat worse  much worse
than Merit than Merit as Merit than Merit than Merit
Number 45 73 77 93 36
Percentage  14% 22% 24% 29% 11%

Only 14% + 22% = 36% of the sample preferred Triumph to Merit, while
29% + 11% = 40% preferred Merit to Triumph.” By selectively combining
categories, however, defendant attempted to create a different impression. Since
24% found the brands about the same, and 36% preferred Triumph, defendant
claimed that a clear majority (36% + 24% = 60%) found Triumph “as good or
better than Merit.”’® The court correctly resisted this chicanery, finding that
defendant’s test results did not support the advertising claims.”

There was a similar distortion in claims for the accuracy of a home pregnancy
test.” The manufacturer advertised the test as 99.5% accurate under laboratory
conditions. The data underlying this claim are summarized in Table 2.

Table 2. Home pregnancy test results

Actually Actually
pregnant not pregnant
Test says pregnant 197 0
Test says not pregnant 1 2
Total 198 2

72. 511 F. Supp. 855 (S.D.N.Y. 1980).

73. 511 F. Supp. 867 (S.D.N.Y. 1980).

74. 511 F. Supp. at 866.

75. Id. at 856.

76. Id. at 866.

77. Id. at 856-57. The statistical issues in these cases are discussed more fully in 2 Gastwirth, supra
note 1, at 633-39.

78. This incident is reported in Arnold Barnett, How Numbers Can Trick You, Tech. Rev., Oct.
1994, at 38, 44—45.
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Table 2 does indicate only one error in 200 assessments, or 99.5% overall
accuracy. But the table also shows that the test can make two types of errors—
it can tell a pregnant woman that she is not pregnant (a false negative), and it can
tell a woman who is not pregnant that she is (a false positive). The reported
99.5% accuracy rate conceals a crucial fact—the company had virtually no data
with which to measure the rate of false positives.”

4. How Big Is the Base of a Percentage?

Rates and percentages often provide effective summaries of data, but these sta-
tistics can be misinterpreted. A percentage makes a comparison between two
numbers: one number is the base, and the other number is compared to that
base. When the base is small, actual numbers may be more revealing than per-
centages. Media accounts in 1982 of a crime wave by the elderly give an ex-
ample. The annual Uniform Crime Reports showed a near tripling of the crime
rate by older people since 1964, while crimes by younger people only doubled.
But people over 65 years of age account for less than 1% of all arrests. In 1980,
for instance, there were only 151 arrests of the elderly for robbery out of 139,476
total robbery arrests.™

5. What Comparisons Are Made?

Finally, there is the issue of which numbers to compare. Researchers sometimes
choose among alternative comparisons. It may be worthwhile to ask why they
chose the one they did. Would another comparison give a different view? A
government agency, for example, may want to compare the amount of service
now being given with that of earlier years—but what earlier year ought to be
the baseline? If the first year of operation is used, a large percentage increase
should be expected because of start-up problems.®! If last year is used as the base,
was it also part of the trend, or was it an unusually poor year? If the base year is
not representative of other years, then the percentage may not portray the trend
fairly.®* No single question can be formulated to detect such distortions, but it
may help to ask for the numbers from which the percentages were obtained;

79. Only two women in the sample were not pregnant; the test gave correct results for both of
them. Although a false-positive rate of zero is ideal, an estimate based on a sample of only two women
is not.

80. Mark H. Maier, The Data Game: Controversies in Social Science Statistics 83 (1991). See also
Alfred Blumstein & Jacqueline Cohen, Characterizing Criminal Careers, 237 Science 985 (1987).

81. Cf. Michael J. Saks, Do We Really Know Anything About the Behavior of the Tort Litigation Sys-
And Why Not?, 140 U. Pa. L. Rev. 1147, 1203 (1992) (using 1974 as the base year for computing
the growth of federal product liability filings exaggerates growth because “1974 was the first year that
product liability cases had their own separate listing on the cover sheets. . . . The count for 1974 is

tem:

almost certainly an understatement . . . .”).
82. Jeffrey Katzer et al., Evaluating Information: A Guide for Users of Social Science Research 106
(2d ed. 1982).
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asking about the base can also be helpful. Ultimately, however, recognizing
which numbers are related to which issues requires a species of clear thinking
not easily reducible to a checklist.*?

B. Is an Appropriate Measure of Association Used?

Many cases involve statistical association. Does a test for employee promotion
have an exclusionary effect that depends on race or gender? Does the incidence
of murder vary with the rate of executions for convicted murderers? Do con-
sumer purchases of a product depend on the presence or absence of a product
warning? This section discusses tables and percentage-based statistics that are
frequently presented to answer such questions.®

Percentages often are used to describe the association between two variables.
Suppose that a university alleged to discriminate against women in admitting
students consists of only two colleges, engineering and business. The university
admits 350 out of 800 male applicants; by comparison, it admits only 200 out of
600 female applicants. Such data commonly are displayed as in Table 3.%

Table 3. Admissions by gender

Decision Male Female Total
Admit 350 200 550
Deny 450 400 850
Total 800 600 1,400

As Table 3 indicates, 350/800 = 44% of the males are admitted, compared
with only 200/600 = 33% of the females. One way to express the disparity is to
subtract the two percentages: 44% — 33% = 11 percentage points. Although
such subtraction is commonly seen in jury discrimination cases,* the difference
is inevitably small when the two percentages are both close to zero. If the selec-
tion rate for males is 5% and that for females is 1%, the difterence is only 4
percentage points. Yet, females have only 1/5 the chance of males of being
admitted, and that may be of real concern.”

83. For assistance in coping with percentages, see Zeisel, supra note 16, at 1-24.

84. Correlation and regression are discussed infra § V.

85. A table of this sort is called a “cross-tab” or a “contingency table.” Table 3 is “two-by-two”
because it has two rows and two columns, not counting rows or columns containing totals.

86. See, e.g., D.H. Kaye, Statistical Evidence of Discrimination in Jury Selection, in Statistical Methods in
Discrimination Litigation, supra note 11, at 13.

87. Cf. United States v. Jackman, 46 F.3d 1240, 124647 (2d Cir. 1995) (holding that the small
percentage of minorities in the population makes it “inappropriate” to use an “absolute numbers” or
“absolute impact” approach for measuring underrepresentation of these minorities in the list of poten-
tial jurors).
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For Table 3, the selection ratio (used by the Equal Employment Opportunity
Commission (EEOC) in its “80% rule”)®® is 33/44 = 75%, meaning that, on
average, women have 75% the chance of admission that men have.* However,
the selection ratio has its own problems. In the last example, if the selection rates
are 5% and 1%, then the exclusion rates are 95% and 99%. The corresponding
ratio is 99/95 = 104%, meaning that females have, on average, 104% the risk of
males of being rejected. The underlying facts are the same, of course, but this
formulation sounds much less disturbing.”

The odds ratio is more symmetric. If 5% of male applicants are admitted, the
odds on a man being admitted are 5/95 = 1/19; the odds on a woman being
admitted are 1/99. The odds ratio is (1/99)/(1/19) = 19/99. The odds ratio for
rejection instead of acceptance is the same, except that the order is reversed.”
Although the odds ratio has desirable mathematical properties, its meaning may
be less clear than that of the selection ratio or the simple difference.

Data showing disparate impact are generally obtained by aggregating—put-
ting together—statistics from a variety of sources. Unless the source material is
fairly homogenous, aggregation can distort patterns in the data. We illustrate
the problem with the hypothetical admission data in Table 3. Applicants can be
classified not only by gender and admission but also by the college to which
they applied, as in Table 4:

Table 4. Admissions by gender and college

Engineering Business
Decision Male  Female Male  Female
Admit 300 100 50 100
Deny 300 100 150 300

The entries in Table 4 add up to the entries in Table 3; said more technically,
Table 3 is obtained by aggregating the data in Table 4. Yet, there is no associa-
tion between gender and admission in either college; men and women are ad-

88. The EEOC generally regards any procedure that selects candidates from the least successful
group at a rate less than 80% of the rate for the most successful group as having an adverse impact.
EEOC Uniform Guidelines on Employee Selection Procedures, 29 C.F.R. § 1607.4(D) (1993). The
rule is designed to help spot instances of substantially discriminatory practices, and the commission
usually asks employers to justify any procedures that produce selection ratios of 80% or less.

89. The analogous statistic used in epidemiology is called the relative risk. See supra note 38; Michael
D. Green et al., Reference Guide on Epidemiology, § III.A, in this manual. Relative risks are usually
quoted as decimals rather than percentages; for instance, a selection ratio of 75% corresponds to a
relative risk of 0.75. A variation on this idea is the relative difference in the proportions, which expresses
the proportion by which the probability of selection is reduced. Kairys et al., supra note 44, at 776, 789—
90; ¢f. David C. Baldus & James W.L. Cole, Statistical Proof of Discrimination § 5.1, at 153 (1980 &
Supp. 1987) (listing various ratios that can be used to measure disparities).

90. The Ilinois Department of Employment Security tried to exploit this feature of the selection
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mitted at identical rates. Combining two colleges with no association produces
a university in which gender is associated strongly with admission. The explana-
tion for this paradox: the business college, to which most of the women applied,
admits relatively few applicants; the engineering college, to which most of the
men applied, is easier to get into. This example illustrates a common issue:
association can result from combining heterogeneous statistical material.”

C. Does a Graph Portray Data Fairly?

Graphs are useful for revealing key characteristics of a batch of numbers, trends
over time, and the relationships among variables.”

1. How Are Trends Displayed?

Graphs that plot values over time are useful for seeing trends. However, the
scales on the axes matter. In Figure 1, the federal debt appears to skyrocket
during the Reagan and Bush administrations; in Figure 2, the federal debt ap-
pears to grow slowly.” The moral is simple: Pay attention to the markings on
the axes to determine whether the scale is appropriate.

ratio in Council 31, Am. Fed’n of State, County and Mun. Employees v. Ward, 978 F.2d 373 (7th Cir.
1992). In January 1985, the department laid off 8.6% of the blacks on its staff in comparison with 3.0%
of the whites. Id. at 375. Recognizing that these layofts ran afoul of the 80% rule (since 3.0/8.6 = 35%,
which is far less than 80%), the department instead presented the selection ratio for retention. Id. at
375-76. Since black employees were retained at 91.4/97.0 = 94% of the white rate, the retention rates
showed no adverse impact under the 80% rule. Id. at 376. When a subsequent wave of layoffs was
challenged as discriminatory, the department argued “that its retention rate analysis is the right approach
to this case and . . . shows conclusively that the layofts did not have a disparate impact.” Id. at 379. The
Seventh Circuit disagreed and, in reversing an order granting summary judgment to defendants on
other grounds, left it to the district court on remand “to decide what method of proof'is most appropri-
ate.” Id.

91. For women, the odds on rejection are 99 to 1; for men, 19 to 1. The ratio of these odds is
99/19. Likewise, the odds ratio for an admitted applicant being a man as opposed to a denied applicant
being man is also 99/19.

92. Tables 3 and 4 are hypothetical, but closely patterned on a real example. See PJ. Bickel et al.,
Sex Bias in Graduate Admissions: Data from Berkeley, 187 Science 398 (1975). See also Freedman et al.,
supra note 16, at 17-20; Moore, supra note 16, at 246—47. The tables are an instance of “Simpson’s
Paradox.” See generally Myra L. Samuels, Simpson’s Paradox and Related Phenomena, 88 J. Am. Stat. Ass’n
81 (1993). Another perspective on Table 3 may be helpful. The college to which a student applies is a
confounder. See supra § II.A.1. In the present context, confounders often are called “omitted variables.”
For opinions discussing the legal implications of omitted variables, see cases cited supra note 5 and infra
note 230.

93. See generally William S. Cleveland, The Elements of Graphing Data (1985); David S. Moore &
George P. McCabe, Introduction to the Practice of Statistics 320 (2d ed. 1993). Graphs showing
relationships among variables are discussed infra § V.

94. See Howard Wainer, Graphs in the Presidential Campaign, Chance, Winter 1993, at 48, 50.
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Figure 1. The federal debt skyrockets under R eagan—Bush.
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Figure 2. The federal debt grows steadily under R eagan—Bush.
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2. How Are Distributions Displayed?

A graph commonly used to display the distribution of data is the histogram.”
One axis denotes the numbers, and the other indicates how often those fall
within specified intervals (called “bins” or “class intervals”). For example, we
flipped a quarter 10 times in a row and counted the number of heads in this
“batch” of 10 tosses. With 50 batches, we obtained the following counts:*

77568 42365 43474 68474 74543
44253 54244 57235 464910 55664

Figure 3. Histogram showing how frequently various numbers of heads
appeared in 50 batches of 10 tosses of a quarter.
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The histogram is shown in Figure 3.”” A histogram shows how the data are
distributed over the range of possible values. The spread can be made to appear

95. For small batches of numbers, a “stem-and-leaf plot” may be more convenient. For instance, a
stem-and-leaf plot for 11, 12, 23, 23, 23, 23, 33, 45, 69 is given below:

1] 12
213333
313
415

5

6|9

The numbers to the left of the line are the first digits; those to the right are the second digits. Thus,
“2| 333 3” stands for “23, 23, 23, 23.”

96. The coin landed heads 7 times in the first 10 tosses; by coincidence, there were also 7 heads in
the next 10 tosses; there were 5 heads in the third batch of 10 tosses; and so forth.

97. In Figure 3, the bin width is 1. There were no 0’s or 1’s in the data, so the bars over 0 and 1
disappear. There is a bin from 1.5 to 2.5; the four 2’s in the data fall into this bin, so the bar over the

112



Reference Guide on Statistics

larger or smaller, however, by changing the scale of the horizontal axis. Like-
wise, the shape can be altered somewhat by changing the size of the bins.”® It
may be worth inquiring how the analyst chose the bin widths.

D. Is an Appropriate Measure Used for the Center of a
Distribution?

Perhaps the most familiar descriptive statistic is the mean (or “arithmetic mean”).
The mean can be found by adding up all the numbers and dividing by how
many there are. By comparison, the median is defined so that half the numbers
are bigger than the median, and half are smaller.”” Yet a third statistic is the
mode, which is the most common number in the data set. These statistics are
different, although they are not always clearly distinguished.'™ The mean takes
account of all the data—it involves the total of all the numbers; however, par-
ticularly with small data sets, a few unusually large or small observations may
have too much influence on the mean. The median is resistant to such outliers.

To illustrate the distinction between the mean and the median, consider a
report that the “average” award in malpractice cases skyrocketed from $220,000

interval from 1.5 to 2.5 has height four. There is another bin from 2.5 to 3.5, which catches five 3’s; the
height of the corresponding bar is five. And so forth.

All the bins in Figure 3 have the same width, so this histogram is just like a bar graph. However, data
are often published in tables with unequal intervals. The resulting histograms will have unequal bin
widths; bar heights should be calculated so that the areas (height X width) are proportional to the
frequencies. In general, a histogram differs from a bar graph in that it represents frequencies by area, not
height. See Freedman et al., supra note 16, at 31—41.

98. As the width of the bins decreases, the graph becomes more detailed. But the appearance
becomes more ragged until finally the graph is effectively a plot of each datum. The optimal bin width
“depends on the subject matter and the goal of the analysis.” Cleveland, supra note 93, at 125.

99. Technically, at least half the numbers are at the median or larger; at least half are at the median
or smaller. When the distribution is symmetric, the mean equals the median. The values diverge,
however, when the distribution is asymmetric, or skewed. The distinction between the mean and the
median is critical to the interpretation of the Railroad Revitalization and Regulatory Reform Act, 49
U.S.C. § 11503 (1988), which forbids the taxation of railroad property at a higher rate than other
commercial and industrial property. To compare the rates, tax authorities often use the mean, whereas
railroads prefer the median. The choice has important financial consequences, and much litigation has
resulted. See David A. Freedman, The Mean Versus the Median: A Case Study in 4-R Act Litigation, 3 J.
Bus. & Econ. Stat. 1 (1985).

100. In ordinary language, the arithmetic mean, the median, and the mode seem to be referred to
interchangeably as “the average.” In statistical parlance, the average is the arithmetic mean. The distinc-
tions are brought out by the following question: How big an error would be made if every number in
a batch were replaced by the “center” of the batch? The mode minimizes the number of errors; all
errors count the same, no matter what their size. Similar distributions can have very different modes,
and the mode is rarely used by statisticians. The median minimizes a different measure of error—the
sum of all the diftferences between the center and the data points; signs are not taken into account when
computing this sum, so positive and negative differences are treated the same way. The mean minimizes
the sum of the squared differences.
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in 1975 to more than $1 million in 1985.!! The median award almost certainly
was far less than $1 million,'® and the apparently explosive growth may result
from a few very large awards. Still, if the issue is whether insurers were experi-
encing more costs from jury verdicts, the mean is the more appropriate statistic:
The total of the awards is directly related to the mean, not to the median.'”

E. Is an Appropriate Measure of Variability Used?

The location of the center of a batch of numbers reveals nothing about the
variations exhibited by these numbers.'”* Statistical measures of variability in-
clude the range, the interquartile range, and the standard deviation. The range
is the difference between the largest number in the batch and the smallest. The
range seems natural, and it indicates the maximum spread in the numbers, but it
is generally the most unstable because it depends entirely on the most extreme
values.'™ The interquartile range is the difference between the 25th and 75th
percentiles.'” The interquartile range contains 50% of the numbers and is resis-
tant to changes in extreme values. The standard deviation is a sort of mean
deviation from the mean."”

101. Kenneth Jost, Still Warring Over Medical Malpractice: Time for Something Better, A.B.A. J., May
1993, at 68, 70-71.

102. A study of cases in North Carolina reported an “average” (mean) award of about $368,000,
and a median award of only $36,000. Id. at 71. In TXO Production Corp. v. Alliance Resources Corp., 509
U.S. 443 (1993), briefs portraying the punitive damage system as out of control reported mean punitive
awards, some ten times larger than the median awards described in briefs defending the current system
of punitive damages. See Michael Rustad & Thomas Koenig, The Supreme Court and Junk Social Science:
Selective Distortion in Amicus Briefs, 72 N.C. L. Rev. 91, 145-47 (1993). The mean differs so dramatically
from the median because the mean takes into account (indeed, is heavily influenced by) the magnitudes
of the few very large awards; the median screens these out. Of course, representative data on verdicts
and awards are hard to find. For a study using a probability sample of cases, see Carol J. DeFrances et al.,
Civil Jury Cases and Verdicts in Large Counties, Bureau Just. Stats. Special Rep., July 1995, at 1.

103. To get the total award, just multiply the mean by the number of awards; by contrast, the total
cannot be computed from the median. (The more pertinent figure for the insurance industry is not the
total of jury awards, but actual claims experience including settlements; of course, even the risk of large
punitive damage awards may have considerable impact.) These and related statistical issues are pursued
further in, e.g., Theodore Eisenberg & Thomas A. Henderson, Jr., Inside the Quiet Revoluion in Products
Liability, 39 UCLA L. Rev. 731, 76472 (1992); Scott Harrington & Robert E. Litan, Causes of the
Liability Insurance Crisis, 239 Science 737, 740—41 (1988); Saks, supra note 81, at 1147, 1248-54.

104. The numbers 1, 2, 5, 8, 9 have 5 as their mean and median. So do the numbers 5, 5, 5, 5, 5.
In the first batch, the numbers vary considerably about their mean; in the second, the numbers do not
vary at all.

105. Typically, the range increases with the size of the sample, i.e., the number of units chosen for
the sample.

106. By definition, 25% of the data fall below the 25th percentile, 90% fall below the 90th percen-
tile, and so on. The median is the 50th percentile.

107. As discussed in the Appendix, when the distribution follows the normal curve, about 68% of
the data will be within one standard deviation of the mean, and about 95% will be within two standard
deviations of the mean. For other distributions, the proportions of the data within specified numbers of’
standard deviations will be different.
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There are no hard and fast rules as to which statistic is the best. In general, the
bigger these measures of spread are, the more the numbers are dispersed. Par-
ticularly in small data sets, the standard deviation can be influenced heavily by a
few outlying values. To remove this influence, the mean and the standard de-
viation can be recomputed with the outliers discarded. Beyond this, any of the
statistics can be supplemented with a figure that displays much of the data.'™

[V. What Inferences Can Be Drawn from the
Data?

The inferences that may be drawn from a study depend on the quality of the
data and the design of the study. As discussed in section II, the data might not
address the issue of interest, might be systematically in error, or might be difticult
to interpret due to confounding. We turn now to an additional concern—ran-
dom error."” Are patterns in the data the result of chance? Would a pattern
wash out if more data were collected?

The laws of probability are central to analyzing random error. By applying
these laws, the statistician can assess the likely impact of chance error, using
” “confidence intervals,” “significance probabilities,” “hypoth-
esis tests,” or “posterior probability distributions.” The following example illus-
trates the ideas. An employer plans to use a standardized examination to select
trainees from a pool of 5,000 male and 5,000 female applicants. This total pool
of 10,000 applicants is the statistical “population.” Under Title VII of the Civil

9 ¢

“standard errors,

Technically, the standard deviation is the square root of the variance; the variance is the mean
square deviation from the mean. For instance, if the mean is 100, the datum 120 deviates from the mean
by 20, and the square of 20 is 202 = 400. If the variance (i.e., the mean of all the squared deviations) is
900, then the standard deviation is the square root of 900, that is,~/900 = 30. Among other things,
taking the square root corrects for the fact that the variance is on a different scale than the measurements
themselves. For example, if the measurements are of length in inches, the variance is in square inches;
taking the square root changes back to inches.

To compare distributions on different scales, the coefticient of variation may be used: this statistic is
the standard deviation, expressed as a percentage of the mean. For instance, consider the batch of
numbers 1,4,4,7,9. The mean is 25/5 = 5, the variance is (16 + 1 + 1 + 4 + 16)/5 = 7.6, and the
standard deviation is 7.6 = 2.8. The coefficient of variation is 2.8/5 = 56%.

108. For instance, the “five-number summary” lists the smallest value, the 25th percentile, the
median, the 75th percentile, and the largest value. The five-number summary may be presented as a
box plot. If the five numbers were 10, 25, 40, 65 and 90, the box plot would look like the following:

— |

10 25 40 65 90
There are many variations on this idea in which the boundaries of the box, or the “whiskers”
extending from it, represent slightly different points in the distribution of numbers.
109. Random error is also called sampling error, chance error, or statistical error. Econometricians
use the parallel concept of random disturbance terms.
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Rights Act, if the proposed examination excludes a disproportionate number of
women, the employer needs to show that the exam is job related."”

To see whether there is disparate impact, the employer administers the exam
to a sample of 50 men and 50 women drawn at random from the population of
job applicants. In the sample, 29 of the men but only 19 of the women pass; the
sample pass rates are therefore 29/50 = 58% and 19/50 = 38%. The employer
announces that it will use the exam anyway, and several applicants bring an
action under Title VII. Disparate impact seems clear. The difference in sample
pass rates is 20 percentage points: 58% — 38% = 20 percentage points. The
employer argues, however, that the disparity could just reflect random error.
After all, only a small number of people took the test, and the sample could have
included disproportionate numbers of high-scoring men and low-scoring women.
Clearly, even if there were no overall difference in pass rates for male and female
applicants, in some samples the men will outscore the women. More generally,
a sample is unlikely to be a perfect microcosm of the population; statisticians call
differences between the sample and the population, just due to the luck of the
draw in choosing the sample, “random error” or “sampling error.”

When assessing the impact of random error, a statistician might consider the
following topics:

* Estimation. Plaintiffs use the difference of 20 percentage points between the
sample men and women to estimate the disparity between all male and
female applicants. How good is this estimate? Precision can be expressed
using the “standard error” or a “confidence interval.”

Statistical significance. Suppose the defendant is right, and there is no dispar-
ate impact: in the population of all 5,000 male and 5,000 female applicants,
pass rates are equal. How likely is it that a random sample of 50 men and 50
women will produce a disparity of 20 percentage points or more? This
chance is known as a p-value. Statistical significance is determined by refer-
ence to the p-value, and “hypothesis testing” is the technique for comput-
ing p-values or determining statistical significance.'"!

Posterior probability. Given the observed disparity of 20 percentage points in
the sample, what is the probability that—in the population as a whole—
men and women have equal pass rates? This question is of direct interest to

the courts. For a subjectivist statistician, posterior probabilities may be com-

110. The seminal case is Griggs v. Duke Power Co., 401 U.S. 424, 431 (1971). The requirements and
procedures for the validation of tests can go beyond a simple showing of job relatedness. See, e.g.,
Richard R. Reilly, Validating Employee Selection Procedures, in Statistical Methods in Discrimination
Litigation, supra note 11, at 133; Michael Rothschild & Gregory J. Werden, Title VII and the Use of
Employment Tests: An Illustration of the Limits of the Judicial Process, 11 J. Legal Stud. 261 (1982).

111. “Hypothesis testing” is also called “significance testing.” For details on the example, see infra

Appendix, especially note 245.
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puted using “Bayes’ rule.” Within the framework of classical statistical theory,
however, such a posterior probability has no meaning.'"

o Applicability of statistical models. Statistical inference—whether done with
confidence intervals or significance probabilities, by objective methods or
subjective—depends on the validity of statistical models for the data. If the
data are collected on the basis of a probability sample or a randomized
experiment, there will be statistical models that fit the situation very well,
and inferences based on these models will be quite secure. Otherwise, cal-
culations are generally based on analogy: this group of people is like a ran-
dom sample, that observational study is like a randomized experiment. The
fit between the statistical model and the data may then require examination:
how good is the analogy?

A. Estimation
1. What Estimator Should Be Used?

An estimator is a statistic computed from sample data and used to estimate a
numerical characteristic of the population. For example, we used the difference
in pass rates for a sample of men and women to estimate the corresponding
disparity in the population of all applicants. In our sample, the pass rates were
58% and 38%; the difference in pass rates for the whole population was esti-
mated as 20 percentage points: 58% — 38% = 20 percentage points. In more
complex problems, statisticians may have to choose among several estimators.
Generally, estimators that tend to make smaller errors are preferred. However,
this idea can be made precise in more than one way,'”® leaving room for judg-
ment in selecting an estimator.

2. What Is the Standard Error? The Confidence Interval?

An estimate based on a sample is likely to be off the mark, at least by a little, due
to random error. The standard error gives the likely magnitude of this random
error.' Whenever possible, an estimate should be accompanied by its standard

112. This classical framework is also called “objectivist” or “frequentist,” by contrast with the
“subjectivist” or “Bayesian” framework. In brief, objectivist statisticians view probabilities as objective
properties of the system being studied. Subjectivists view probabilities as measuring subjective degrees
of belief. Section IV.B.1 explains why posterior probabilities are excluded from the classical calculus,
and section IV.C briefly discusses the subjectivist position. The procedure for computing posterior
probabilities is presented infra Appendix. For more discussion, see David Freedman, Some Issues in the
Foundation of Statistics, 1 Found. Sci. 19 (1995), reprinted in Topics in the Foundation of Statistics 19 (Bas
C. van Fraasen ed., 1997).

113. Furthermore, reducing error in one context may increase error in other contexts; there may
also be a trade-oft between accuracy and simplicity.

114. “Standard errors” are also called “standard deviations,” and courts seem to prefer the latter
term, as do many authors.
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error.'”® In our example, the standard error is about 10 percentage points: the
estimate of 20 percentage points is likely to be off by something like 10 percent-
age points or so, in either direction.'® Since the pass rates for all 5,000 men and
5,000 women are unknown, we cannot say exactly how far off the estimate is
going to be, but 10 percentage points gauges the likely magnitude of the error.

Confidence intervals make the idea more precise. Statisticians who say that
population differences fall within plus-or-minus 1 standard error of the sample
differences will be correct about 68% of the time. To write this more com-
pactly, we can abbreviate “standard error” as “SE.” A 68% confidence interval is
the range

estimate — 1 SE to estimate + 1 SE.

In our example, the 68% confidence interval goes from 10 to 30 percentage
points. If a higher confidence level is wanted, the interval must be widened.
The 95% confidence interval is about

estimate — 2 SE to estimate + 2 SE.

This runs from 0 to 40 percentage points.'"” Although 95% confidence intervals
are used commonly, there is nothing special about 95%. For example, a 99.7%
confidence interval is about

estimate — 3 SE to estimate + 3 SE.

This stretches from —10 to 50 percentage points.

The main point is that an estimate based on a sample will differ from the
exact population value, due to random error; the standard error measures the
likely size of the random error. If the standard error is small, the estimate prob-
ably is close to the truth. If the standard error is large, the estimate may be
seriously wrong. Confidence intervals are a technical refinement, and

115. The standard error can also be used to measure reproducibility of estimates from one random
sample to another. See infra note 237.

116. The standard error depends on the pass rates of men and women in the sample, and the size of
the sample. With larger samples, chance error will be smaller, so the standard error goes down as sample
size goes up. (“Sample size” is the number of subjects in the sample.) The Appendix gives the formula
for computing the standard error of a difference in rates based on random samples. Generally, the
formula for the standard error must take into account the method used to draw the sample and the
nature of the estimator. Statistical expertise is needed to choose the right formula.

117. Confidence levels are usually read off the normal curve (see infra Appendix). Technically, the
area under the normal curve between —2 and +2 is closer to 95.4% than 95.0%; thus, statisticians often
use £1.96 SEs for a 95% confidence interval. However, the normal curve only gives an approximation
to the relevant chances, and the error in that approximation will often be larger than the difference
between 95.4% and 95.0%. For simplicity, we use +2 SEs for 95% confidence. Likewise, we use 1 SE
for 68% confidence, although the area under the curve between —1 and +1 is closer to 68.3%. The
normal curve gives good approximations when the sample size is reasonably large; for small samples,
other techniques should be used.
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“confidence” is a term of art.'"™® For a given confidence level, a narrower inter-
val indicates a more precise estimate. For a given sample size, increased confidence
can be attained only by widening the interval. A high confidence level alone
means very little,'"” but a high confidence level for a small interval is impres-
sive,'?® indicating that the random error in the sample estimate is low.
Standard errors and confidence intervals are derived using statistical models
of the process that generated the data.'” If the data come from a probability

118. In the standard frequentist theory of statistics, one cannot make probability statements about
population characteristics. See, e.g., Freedman et al., supra note 16, at 383-86; infra § IV.B.1. Conse-
quently, it is imprecise to suggest that “[a] 95% confidence interval means that there is a 95% probability
that the ‘true’ relative risk falls within the interval.” DeLuca v. Merrell Dow Pharms., Inc., 791 F. Supp.
1042, 1046 (D.N.J. 1992), aff’d, 6 F.3d 778 (3d Cir. 1993). Because of the limited technical meaning of
“confidence,” it has been argued that the term is misleading and should be replaced by a more neutral
one, such as “frequency coefficient,” in courtroom presentations. David H. Kaye, Is Proof of Statistical
Significance Relevant?, 61 Wash. L. Rev. 1333, 1354 (1986).

Another misconception is that the confidence level gives the chance that repeated estimates fall into
the confidence interval. E.g., Turpin v. Merrell Dow Pharms., Inc., 959 F.2d 1349, 1353 (6th Cir.
1992) (“a confidence interval of ‘95 percent between 0.8 and 3.10” . . . means that random repetition of
the study should produce, 95 percent of the time, a relative risk somewhere between 0.8 and 3.10”);
United States ex rel. Free v. Peters, 806 F. Supp. 705, 713 n.6 (N.D. Ill. 1992) (“A 99% confidence
interval, for instance, is an indication that if we repeated our measurement 100 times under identical
conditions, 99 times out of 100 the point estimate derived from the repeated experimentation will fall
within the initial interval estimate . . . .”), rev’d in part, 12 F.3d 700 (7th Cir. 1993). However, the
confidence level does not give the percentage of the time that repeated estimates fall in the interval;
instead, it gives the percentage of the time that intervals from repeated samples cover the true value.

119. Statements about the confidence in a sample without any mention of the interval estimate are
practically meaningless. In Hilao v. Estate of Marcos, 103 F.3d 767 (9th Cir. 1996), for instance, “an
expert on statistics . . . testified that . . . a random sample of 137 claims would achieve ‘a 95% statistical
probability that the same percentage determined to be valid among the examined claims would be
applicable to the totality of [9,541 facially valid] claims filed.”” Id. at 782. Unfortunately, there is no
95% “statistical probability” that a percentage computed from a sample will be “applicable” to a popu-
lation. One can compute a confidence interval from a random sample and be 95% confident that the
interval covers some parameter. That can be done for a sample of virtually any size, with larger samples
giving smaller intervals. What is missing from the opinion is a discussion of the widths of the relevant
intervals.

120. Conversely, a broad interval signals that random error is substantial. In Cimino v. Raymark
Industries, Inc., 751 F. Supp. 649 (E.D. Tex. 1990), the district court drew certain random samples from
more than 6,000 pending asbestos cases, tried these cases, and used the results to estimate the total award
to be given to all plaintiffs in the pending cases. The court then held a hearing to determine whether the
samples were large enough to provide accurate estimates. The court’s expert, an educational psycholo-
gist, testified that the estimates were accurate because the samples matched the population on such
characteristics as race and the percentage of plaintiffs still alive. Id. at 664. However, the matches
occurred only in the sense that population characteristics fell within very broad 99% confidence inter-
vals computed from the samples. The court thought that matches within the 99% confidence intervals
proved more than matches within 95% intervals. Id. Unfortunately, this is backwards. To be correct in
a few instances with a 99% confidence interval is not very impressive—Dby definition, such intervals are
broad enough to ensure coverage 99% of the time. Cf. Saks & Blanck, supra note 54.

121. Generally, statistical models enable the analyst to compute the chances of the various possible
outcomes. For instance, the model may contain parameters, that is, numerical constants describing the
population from which samples were drawn. See infra § V. That is the case for our example, where one
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sample or a randomized controlled experiment,'* the statistical model may be
connected tightly to the actual data-collection process. In other situations, using
the model may be tantamount to assuming that a sample of convenience is like
a random sample, or that an observational study is like a randomized experi-
ment.

Our example was based on a random sample, and that justified the statistical
calculations.'” In many contexts, the choice of an appropriate statistical model
is not obvious.'””* When a model does not fit the data-collection process so well,

parameter is the pass rate of the 5,000 male applicants, and another parameter is the pass rate of the
5,000 female applicants. As explained in the Appendix, these parameters can be used to compute the
chance of getting any particular sample difterence. Using a model with known parameters to find the
probability of an observed outcome (or one like it) is common in cases alleging discrimination in the
selection of jurors. E.g., Castaneda v. Partida, 430 U.S. 482, 496 (1977); Kaye, supra note 86, at 13; of.
Hazelwood Sch. Dist. v. United States, 433 U.S. 299, 311 n.17 (1977) (computing probabilities of
selecting black teachers). But when the values of the parameters are not known, the statistician must
work backwards, using the sample data to estimate the unknown population parameters. That is the
kind of statistical inference described in this section.

122. See supra § 11.A-B.

123. As discussed in the Appendix, large random samples give rise to certain normally distributed
statistics. Partly because the Supreme Court used such a model in Hazelwood and Castaneda, courts and
attorneys sometimes are skeptical of analyses that produce other types of random variables. See, e.g.,
EEOC v. Western Elec. Co., 713 F.2d 1011 (4th Cir. 1983), discussed in David H. Kaye, Ruminations on
Jurimetrics: Hypergeometric Confusion in the Fourth Circuit, 26 Jurimetrics J. 215 (1986). But see Branion v.
Gramly, 855 F.2d 1256 (7th Cir. 1988) (questioning an apparently arbitrary assumption of normality),
discussed in David H. Kaye, Statistics for Lawyers and Law for Statistics, 89 Mich. L. Rev. 1520 (1991)
(defending the use of the normal approximation); Michael O. Finkelstein & Bruce Levin, Reference
Guide on Statistics: Non Lasciare Esperanza, 36 Jurimetrics J. 201, 205 (1996) (review essay) (“The court
was right to reject the normal distribution . . . .”). Whether a given variable is normally distributed is an
empirical or statistical question, not a matter of law.

124. See infra § V. For examples of legal interest, see, e.g., Mary W. Gray, Can Statistics Tell Us
What We Do Not Want to Hear?: The Case of Complex Salary Structures, 8 Stat. Sci. 144 (1993); Arthur P.
Dempster, Employment Discrimination and Statistical Science, 3 Stat. Sci. 149 (1988). As one statistician
describes the issue:

[A] given data set can be viewed from more than one perspective, can be represented by a model in more
than one way. Quite commonly, no unique model stands out as “true” or correct; justifying so strong a
conclusion might require a depth of knowledge that is simply lacking. So it is not unusual for a given data set
to be analyzed in several apparently reasonable ways. If conclusions are qualitatively concordant, that is
regarded as grounds for placing additional trust in them. But more often, only a single model is applied, and
the data are analyzed in accordance with it. . . .

Desirable features in a model include (i) tractability, (ii) parsimony, and (iii) realism. That there is some
tension among these is not surprising.

Tractability. A model that is easy to understand and to explain is tractable in one sense. Computational
tractability can also be an advantage, though with cheap computing available not too much weight can be
given to it.

Parsimony. Simplicity, like tractability, has a direct appeal, not wisely ignored—but not wisely over-valued
either. If several models are plausible and more than one of them fits adequately with the data, then in
choosing among them, one criterion is to prefer a model that is simpler than the other models.

Realism. . . . First, does the model reflect well the actual [process that generated the data]? This question is
really a host of questions, some about the distributions of the random errors, others about the mathematical
relations among the [variables and] parameters. The second aspect of realism is sometimes called robustness.
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estimates and standard errors will be less probative.'®

Standard errors and confidence intervals generally ignore systematic errors
such as selection bias or non-response bias; in other words, these biases are
assumed to be negligible.!® For example, one court—reviewing studies of
whether a particular drug causes birth defects—observed that mothers of chil-
dren with birth defects may be more likely to remember taking a drug during
pregnancy than women with normal children.'” This selective recall would
bias comparisons between samples from the two groups of women. The stan-
dard error for the estimated difference in drug usage between the two groups
ignores this bias; so does the confidence interval.'® Likewise, the standard error
does not address problems inherent in using convenience samples rather than
random samples.'?’

B. Significance Levels and Hypothesis Tests
1. What Is the p-value?

In our example, 50 men and 50 women were drawn at random from 5,000 male
and 5,000 female applicants. An exam was administered to this sample, and in
the sample, the pass rates for the men and women were 58% and 38%, respec-
tively. The sample difference in pass rates was 58% — 38% = 20 percentage
points. The p-value answers the following question: If the pass rates among all
5,000 male applicants and 5,000 female applicants were identical, how probable
would it be to find a discrepancy as big as or bigger than the 20 percentage point
difference observed in our sample? The question is delicate, because the pass
rates in the population are unknown—that is why a sample was taken in the first
place.

If the model is false in certain respects, how badly does that affect estimates, significance test results, etc., that

are based on the flawed model?

Lincoln E. Moses, The Reasoning of Statistical Inference, in Perspectives on Contemporary Statistics, supra
note 47, at 107, 117-18.

125. It still may be helpful to consider the standard error, perhaps as a minimal estimate for statisti-
cal uncertainty in the quantity being estimated.

126. For a discussion of such systematic errors, see supra § I1.B.

127. Brock v. Merrell Dow Pharms., Inc., 874 F.2d 307, 311-12 (5th Cir.), modified, 884 F.2d 166
(5th Cir. 1989).

128. In Brock, the court stated that the confidence interval took account of bias (in the form of
selective recall) as well as random error. 874 F.2d at 311-12. With respect, we disagree. Even if sam-
pling error were nonexistent—which would be the case if one could interview every woman who had
a child in the period that the drug was available—selective recall would produce a difference in the
percentages of reported drug exposure between mothers of children with birth defects and those with
normal children. In this hypothetical situation, the standard error would vanish. Therefore, the standard
error could disclose nothing about the impact of selective recall. The same conclusion holds even in the
presence of sampling error.

129. See supra § 11.B.1.
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The assertion that the pass rates in the population are the same is called the
null hypothesis. The null hypothesis asserts that there is no difference between
men and women in the whole population—differences in the sample are due to
the luck of the draw. The p-value is the probability of getting data as extreme as,
or more extreme than, the actual data, given that the null hypothesis is true:

p = Probability (extreme data | null hypothesis in model)

In our example, p = 5%. If the null hypothesis is true, there is only a 5% chance
of getting a difference in the pass rates of 20 percentage points or more.”** The
p-value for the observed discrepancy is 5%, or .05.

In such cases, small p-values are evidence of disparate impact, while large p-
values are evidence against disparate impact. Regrettably, multiple negatives are
involved here. A statistical test is essentially an argument by contradiction. The
“null hypothesis” asserts no difference in the population—that is, no disparate
impact. Small p-values speak against the null hypothesis—there is disparate im-
pact, because the observed difference is hard to explain by chance alone. Con-
versely, large p-values indicate that the data are compatible with the null hy-
pothesis: the observed difference is easy to explain by chance. In this context,
small p-values argue for the plaintiffs, while large p-values argue for the de-
fense."!

Since p 1s calculated by assuming that the null hypothesis is correct (no real
difference in pass rates), the p-value cannot give the chance that this hypothesis
is true. The p-value merely gives the chance of getting evidence against the null
hypothesis as strong or stronger than the evidence at hand—assuming the null
hypothesis to be correct. No matter how many samples are obtained, the null
hypothesis is either always right or always wrong. Chance affects the data, not
the hypothesis. With the frequency interpretation of chance, there is no mean-
ingful way to assign a numerical probability to the null hypothesis.'*

130. See infra Appendix.

131. Of course, sample size must also be considered, among other factors. See infra § IV.C.

132. See, e.g., The Evolving Role of Statistical Assessments as Evidence in the Courts, supra note 1,
at 196-98; David H. Kaye, Statistical Significance and the Burden of Persuasion, Law & Contemp. Probs.,
Autumn 1983, at 13. Some opinions suggest a contrary view. E.g., Vasquez v. Hillery, 474 U.S. 254,
259 n.3 (1986) (“‘the District Court . . . ultimately accepted . . . a probability of 2 in 1,000 that the
phenomenon was attributable to chance”); EEOC v. Olson’s Dairy Queens, Inc., 989 F.2d 165, 167
(5th Cir. 1993) (“Dr. Straszheim concluded that the likelihood that [the] observed hiring patterns
resulted from truly race-neutral hiring practices was less than one chance in ten thousand”); Capaci v.
Katz & Besthoft, Inc., 711 F.2d 647, 652 (5th Cir. 1983) (“the highest probability of unbiased hiring
was 5.367 X 1072""). Such statements confuse the probability of the kind of outcome observed, which
is computed under some model of chance, with the probability that chance is the explanation for the
outcome.

In scientific notation, 10% is 1 followed by 20 zeros, and 102" is the reciprocal of that number. The
proverbial “one-in-a-million” is more dryly expressed as 1 X 107°.
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Computing p-values requires statistical expertise. Many methods are avail-
able, but only some will fit the occasion. Sometimes standard errors will be part
of the analysis, while other times they will not be. Sometimes a difference of 2
standard errors will imply a p-value of about .05, other times it will not. In
general, the p-value depends on the model and its parameters, the size of the
sample, and the sample statistics.'”

Because the p-value is affected by sample size, it does not measure the extent
or importance of a difference.”® Suppose, for instance, that the 5,000 male and
5,000 female job applicants would differ in their pass rates, but only by a single
percentage point. This difference might not be enough to make a case of dispar-
ate impact, but by including enough men and women in the sample, the data
could be made to have an impressively small p-value. This p-value would confirm
that the 5,000 men and 5,000 women have different pass rates, but it would not
show the difference is substantial.'*® In short, the p-value does not measure the
strength or importance of an association.

2. Is a Difference Statistically Significant?

Statistical significance is determined by comparing a p-value to a preestablished
value, the significance level."*® If an observed difference is in the middle of the
distribution that would be expected under the null hypothesis, there is no sur-
prise. The sample data are of the type that often would be seen when the null
hypothesis is true: the difterence is not significant, and the null hypothesis can-
not be rejected. On the other hand, if the sample difference is far from the
expected value—according to the null hypothesis—then the sample is unusual:
the difference is “significant,” and the null hypothesis is rejected. In our ex-
ample, the 20 percentage point difference in pass rates for the men and women
in the sample, whose p-value was about .05, might be considered significant at

133. In this context, a parameter is an unknown numerical constant that is part of the statistical
model. See supra note 121.

134. Some opinions seem to equate small p-values with “gross” or “substantial” disparities. E.g.,
Craik v. Minnesota St. Univ. Bd., 731 F.2d 465, 479 (8th Cir. 1984). Other courts have emphasized
the need to decide whether the underlying sample statistics reveal that a disparity is large. E.g., McCleskey
v. Kemp, 753 F.2d 877, 892-94 (11th Cir. 1985), aff’d, 481 U.S. 279 (1987).

135. Cf. Frazier v. Garrison Indep. Sch. Dist., 980 F.2d 1514, 1526 (5th Cir. 1993) (rejecting
claims of intentional discrimination in the use of a teacher competency examination that resulted in
retention rates exceeding 95% for all groups).

136. Statisticians use the Greek letter alpha (0) to denote the significance level; o gives the chance
of getting a “significant” result, assuming that the null hypothesis is true. Thus, O represents the chance
of what is variously termed a “false rejection” of the null hypothesis or a “Type I error” (also called a
“false positive” or a “false alarm”). For example, suppose 0 = 5%. If investigators do many studies, and
the null hypothesis happens to be true in each case, then about 5% of the time they would obtain
significant results—and falsely reject the null hypothesis.

123



Reference Manual on Scientific Evidence

the .05 level. If the threshold were set lower, say at .01, the result would not be
significant.’

In practice, statistical analysts often use certain preset significance levels—
typically .05 or .01.1%¥ The .05 level is the most common in social science, and
an analyst who speaks of “significant” results without specifying the threshold
probably is using this figure."”” An unexplained reference to “highly significant”
results probably means that p is less than .01.'%

Since the term “significant” is merely a label for certain kinds of p-values, it is
subject to the same limitations as are p-values themselves. Analysts may refer to
a difference as “significant,” meaning only that the p-value is below some threshold
value. Significance depends not only on the magnitude of the effect, but also on
the sample size (among other things). Thus, significant differences are evidence
that something besides random error is at work, but they are not evidence that
this “something” is legally or practically important. Statisticians distinguish be-
tween “statistical” and “practical” significance to make the point. When practi-
cal significance is lacking—when the size of a disparity or correlation is negli-
gible—there is no reason to worry about statistical significance.'"!

As noted above, it is easy to mistake the p-value for the probability that there
is no difference. Likewise, if results are significant at the .05 level, it is tempting
to conclude that the null hypothesis has only a 5% chance of being correct.'*

137. For another example of the relationship between a test statistic and significance, see infra
§V.D.2.

138. The Supreme Court implicitly referred to this practice in Castaneda v. Partida, 430 U.S. 482,
496 n.17 (1977), and Hazelwood School District v. United States, 433 U.S. 299, 311 n.17 (1977). In these
footnotes, the Court described the null hypothesis as “suspect to a social scientist” when a statistic from
“large samples” falls more than “two or three standard deviations” from its expected value under the
null hypothesis. Although the Court did not say so, these differences produce p-values of about .05 and
.01 when the statistic is normally distributed. The Court’s “standard deviation” is our “standard error.”

139. Some have suggested that data not “significant” at the .05 level should be disregarded. E.g.,
Paul Meier et al., What Happened in Hazelwood: Statistics, Employment Discrimination, and the 80% Rule,
1984 Am. B. Found. Res. J. 139, 152, reprinted in Statistics and the Law, supra note 1, at 1, 13. This view
is challenged in, e.g., Kaye, supra note 118, at 1344 & n.56, 1345.

140. Merely labeling results as “significant” or “not significant” without providing the underlying
information that goes into this conclusion is of limited value. See, e.g., John C. Bailar III & Frederick
Mosteller, Guidelines for Statistical Reporting in Articles for Medical Journals: Amplifications and Explanations,
in Medical Uses of Statistics, supra note 28, at 313, 316.

141. E.g., Waisome v. Port Auth., 948 F.2d 1370, 1376 (2d Cir. 1991) (“‘though the disparity was
found to be statistically significant, it was of limited magnitude”); ¢f. Thornburg v. Gingles, 478 U.S.
30, 5354 (1986) (repeating the district court’s explanation of why “the correlation between the race of’
the voter and the voter’s choice of certain candidates was [not only] statistically significant,” but also “so
marked as to be substantively significant, in the sense that the results of the individual election would
have been different depending upon whether it had been held among only the white voters or only the
black voters”).

142. E.g., Waisome, 948 F.2d at 1376 (“Social scientists consider a finding of two standard devia-
tions significant, meaning there is about one chance in 20 that the explanation for a deviation could be
random . . . .”); Rivera v. City of Wichita Falls, 665 F.2d 531, 545 n.22 (5th Cir. 1982) (“A variation
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This temptation should be resisted. From the frequentist perspective, statistical
hypotheses are either true or false; probabilities govern the samples, not the
models and hypotheses. The significance level tells us what is likely to happen
when the null hypothesis is correct; it cannot tell us the probability that the
hypothesis is true. Significance comes no closer to expressing the probability
that the null hypothesis is true than does the underlying p-value.'*

C. Evaluating Hypothesis Tests

1. What Is the Power of the Test?

When a p-value is high, findings are not significant, and the null hypothesis is
not rejected. This could happen for at least two reasons:

1. there is no difference in the population—the null hypothesis is true; or

2. there is some difference in the population—the null hypothesis is false—
but, by chance, the data happened to be of the kind expected under the null
hypothesis.

If the “power” of a statistical study is low, the second explanation may be
plausible. Power is the chance that a statistical test will declare an effect when
there is an effect to declare."** This chance depends on the size of the effect and

of two standard deviations would indicate that the probability of the observed outcome occurring
purely by chance would be approximately five out of 100; that is, it could be said with a 95% certainty
that the outcome was not merely a fluke.”); Vuyanich v. Republic Nat'l Bank, 505 F. Supp. 224, 272
(N.D. Tex. 1980) (“[I]f a 5% level of significance is used, a sufticiently large t-statistic for the coefticient
indicates that the chances are less than one in 20 that the true coefficient is actually zero.”), vacated, 723
F.2d 1195 (5th Cir. 1984); Sheehan v. Daily Racing Form, Inc., 104 F.3d 940, 941 (7th Cir. 1997)
(“An affidavit by a statistician . . . states that the probability that the retentions . . . are uncorrelated with
age is less than 5 percent.”).

143. For more discussion, see Kaye, supra note 118; ¢f. infra note 167.

144. More precisely, power is the probability of rejecting the null hypothesis when the alternative
hypothesis is right. (On the meaning of “alternative hypothesis,” see infra § IV.C.5.) Typically, this
probability will depend on the values of unknown parameters, as well as the pre-set significance level d.
Therefore, no single number gives the power of the test. One can specify particular values for the
parameters and significance level and compute the power of the test accordingly. See infra Appendix for
an example. Power may be denoted by the Greek letter beta ().

Accepting the null hypothesis when the alternative is true is known as a “false acceptance” of the
null hypothesis or a “Type II error” (also called a “false negative” or a “missed signal”). The chance of’
a false negative may be computed from the power, as 1 — 3. Frequentist hypothesis testing keeps the risk
of a false positive to a specified level (such as 0 = .05) and then tries to minimize the chance of a false
negative (1 — B) for that value of 0. Regrettably, the notation is in some degree of flux; many authors
use 3 to denote the chance of a false negative; then, it is 3 that should be minimized.

Some commentators have claimed that the cutoff for significance should be chosen to equalize the
chance of a false positive and a false negative, on the ground that this criterion corresponds to the
“more-probable-than-not” burden of proof. Unfortunately, the argument is fallacious, because o and B
do not give the probabilities of the null and alternative hypotheses; see supra § IV.B.2; infra note 167. See
D.H. Kaye, Hypothesis Testing in the Courtroom, in Contributions to the Theory and Application of
Statistics: A Volume in Honor of Herbert Solomon 331, 341-43 (Alan E. Gelfand ed., 1987); supra
§ IV.B.1; infra note 165.
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the size of the sample. Discerning subtle differences in the population requires
large samples; even so, small samples may detect truly substantial differences.'*®

When a study with low power fails to show a significant eftect, the results are
more fairly described as inconclusive than as negative: the proofis weak because
power is low.'* On the other hand, when studies have a good chance of detect-
ing a meaningful association, failure to obtain significance can be persuasive
evidence that there is no effect to be found."”

2. One- or Two-tailed Tests?

In many cases, a statistical test can be done either one-tailed or two-tailed. The
second method will produce a p-value twice as big as the first method. Since

145. For simplicity, the numerical examples of statistical inference in this reference guide presup-
pose large samples. Some courts have expressed uneasiness about estimates or analyses based on small
samples; indeed, a few courts have refused even to consider such studies or formal statistical procedures
for handling small samples. See, e.g., Bunch v. Bullard, 795 F.2d 384, 395 n.12 (5th Cir. 1986) (that 12
of 15 whites and only 3 of 13 blacks passed a police promotion test created a prima facie case of disparate
impact; however, “[t]he district court did not perform, nor do we attempt, the application of probabil-
ity theories to a sample size as small as this” because “[a]dvanced statistical analysis may be of little help
in determining the significance of such disparities”); United States v. Lansdowne Swim Club, 713 F.
Supp. 785, 809-10 (E.D. Pa. 1989) (collecting cases). Other courts have been more venturesome. E.g.,
Bazemore v. Friday, 751 F.2d 662, 673 & n.9 (4th Cir. 1984) (court of appeals applied its own f-test
rather than the normal curve to quartile rankings in an attempt to account for a sample size of nine),
rev’d on other grounds, 478 U.S. 385 (1986).

Analyzing data from small samples may require more stringent assumptions, but there is no funda-
mental difference in the meaning of confidence intervals and p-values. If the assumptions underlying the
statistical analysis are justified—and this can be more difficult to demonstrate with small samples—then
confidence intervals and test statistics are no less trustworthy than those for large samples. Aside from
the problem of choosing the correct analytical technique, the concern with small samples is not that
they are beyond the ken of statistical theory, but that (1) the statistical tests involving small samples
might lack power, and (2) the underlying assumptions may be hard to validate.

146. In our example, with a = .05, power to detect a difference of 10 percentage points between
the male and female job applicants is only about 1/6. See infra Appendix. Not seeing a “significant”
difference therefore provides only weak proof that the difference between men and women is smaller
than 10 percentage points. We prefer estimates accompanied by standard errors to tests because the
former seem to make the state of the statistical evidence clearer: The estimated difference is 20 £ 10
percentage points, indicating that a difference of 10 percentage points is quite compatible with the data.

147. Some formal procedures are available to aggregate results across studies. See In re Paoli R.R.
Yard PCB Litig., 916 F.2d 829 (3d Cir. 1990). In principle, the power of the collective results will be
greater than the power of each study. See, e.g., The Handbook of Research Synthesis 22627 (Harris
Cooper & Larry V. Hedges eds., 1993); Larry V. Hedges & Ingram Olkin, Statistical Methods for Meta-
Analysis (1985); Jerome P. Kassirer, Clinical Trials and Meta-Analysis: What Do They Do for Us?, 327
New Eng. J. Med. 273, 274 (1992) (“|C]umulative meta-analysis represents one promising approach.”);
National Reseach Council, Combining Information: Statistical Issues and Opportunities for Research
(1992); Symposium, Meta-Analysis of Observational Studies, 140 Am. J. Epidemiology 771 (1994). Un-
fortunately, the procedures have their own limitations. E.g., Diana B. Petitti, Meta-Analysis, Decision
Analysis, and Cost-Effectiveness Analysis Methods for Quantitative Synthesis in Medicine (2d ed. 2000);
Michael Oakes, Statistical Inference: A Commentary for the Social and Behavioural Sciences 157 (1986)
(“a retrograde development”); John C. Bailar III, The Promise and Problems of Meta-Analysis, 337 New
Eng. J. Med. 559 (1997) (editorial); Charles Mann, Meta-Analysis in the Breech, 249 Science 476 (1990).
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small p-values are evidence against the null hypothesis, a one-tailed test seems to
produce stronger evidence than a two-tailed test. However, this difference is
largely illusory.'*®

Some courts have expressed a preference for two-tailed tests,'"* but a rigid
rule is not required if p-values and significance levels are used as clues rather than
as mechanical rules for statistical proof. One-tailed tests make it easier to reach a
threshold like .05, but if .05 is not used as a magic line, then the choice between
one tail and two is less important—as long as the choice and its effect on the p-
value are made explicit.'

3. How Many Tests Have Been Performed?

Repeated testing complicates the interpretation of significance levels. If enough
comparisons are made, random error almost guarantees that some will yield
“significant” findings, even when there is no real effect. Consider the problem
of deciding whether a coin is biased. The probability that a fair coin will pro-
duce ten heads when tossed ten times is (1/2)' = 1/1,024. Observing ten heads
in the first ten tosses, therefore, would be strong evidence that the coin is biased.
Nevertheless, if a fair coin is tossed a few thousand times, it is likely that at least
one string of ten consecutive heads will appear. The test—looking for a run of
ten heads—can be repeated far too often.

148. In our pass rate example, the p-value of the test is approximated by a certain area under the
normal curve. The one-tailed procedure uses the “tail area” under the curve to the right of 2, giving p
=.025 (approximately). The two-tailed procedure contemplates the area to the left of -2, as well as the
area to the right of 2. Now there are two tails, and p = .05. See infra Appendix (figure 13); Freedman et
al., supra note 16, at 549-52.

According to formal statistical theory, the choice between one tail or two can sometimes be made
by considering the exact form of the “alternative hypothesis.” See infra § IV.C.5. In our example, the
null hypothesis is that pass rates are equal for men and women in the whole population of applicants.
The alternative hypothesis may exclude a priori the possibility that women have a higher pass rate, and
hold that more men will pass than women. This asymmetric alternative suggests a one-tailed test. On
the other hand, the alternative hypothesis may simply be that pass rates for men and women in the
whole population are unequal. This symmetric alternative admits the possibility that women may score
higher than men, and points to a two-tailed test. See, e.g., Freedman et al., supra note 16, at 551. Some
experts think that the choice between one-tailed and two-tailed tests can often be made by considering
the exact form of the null and alternative hypothesis.

149. See, e.g., Baldus & Cole, supra note 89, § 9.1, at 308 n.35a; The Evolving Role of Statistical
Assessments as Evidence in the Courts, supra note 1, at 38—40 (citing EEOC v. Federal Reserve Bank,
698 F.2d 633 (4th Cir. 1983), rev’d on other grounds sub nom. Cooper v. Federal Reserve Bank, 467 U.S.
867 (1984)); Kaye, supranote 118, at 1358 n.113; David H. Kaye, The Numbers Game: Statistical Inference
in Discrimination Cases, 80 Mich. L. Rev. 833 (1982) (citing Hazelwood Sch. Dist. v. United States, 433
U.S. 299 (1977)). Arguments for one-tailed tests are discussed in Finkelstein & Levin, supra note 1, at
125-26; Richard Goldstein, Tiwo Types of Statistical Errors in Employment Discrimination Cases, 26 Jurimetrics
J. 32 (1985); Kaye, supra at 841.

150. One-tailed tests at the .05 level are viewed as weak evidence—no weaker standard is com-
monly used in the technical literature.
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Such artifacts are commonplace. Since research that fails to uncover significance
is not usually published, reviews of the literature may produce an unduly large
number of studies finding statistical significance.'®' Even a single researcher may
search for so many different relationships that a few will achieve statistical
significance by mere happenstance. Almost any large data set—even pages from
a table of random digits—will contain some unusual pattern that can be uncov-
ered by a diligent search. Having detected the pattern, the analyst can perform a
statistical test for it, blandly ignoring the search effort. Statistical significance is
bound to follow. Ten heads in the first ten tosses means one thing; a run of ten
heads somewhere along the way in a few thousand tosses of a coin means quite
another.

There are statistical methods for coping with multiple looks at the data, which
permit the calculation of meaningful p-values in certain cases.” However, no
general solution is available, and the existing methods would be of little help in
the typical case where analysts have tested and rejected a variety of regression
models before arriving at the one considered the most satisfactory. In these
situations, courts should not be overly impressed with claims that estimates are
significant. Instead, they should be asking how analysts developed their mod-
els.”?

4. Tests or Interval Estimates?

Statistical significance depends on the p-value, and p-values depend on sample
size. Therefore, a “significant” effect could be small. Conversely, an effect that
is “not significant” could be large.”® By inquiring into the magnitude of an
effect, courts can avoid being misled by p-values. To focus attention where it
belongs—on the actual size of an effect and the reliability of the statistical analy-
sis—interval estimates may be valuable.'® Seeing a plausible range of values for
the quantity of interest helps describe the statistical uncertainty in the estimate.

In our example, the 95% confidence interval for the difference in the pass
rates of men and women ranged from 0 to 40 percentage points. Our best

151. E.g., Stuart J. Pocock et al., Statistical Problems in the Reporting of Clinical Trials: A Survey of
Three Medical Journals, 317 New Eng. J. Med. 426 (1987).

152. See, e.g., Rupert G. Miller, Jr., Simultaneous Statistical Inference (2d ed. 1981).

153. See, e.g., On Model Uncertainty and Its Statistical Implications: Lecture Notes in Economet-
ric and Mathematical Systems (Theo K. Dijkstra ed., 1988); Frank T. Denton, Data Mining As an
Industry, 67 Rev. Econ. & Stat. 124 (1985). Intuition may suggest that the more variables included in
the model, the better. However, this idea often seems to be wrong. Complex models may reflect only
accidental features of the data. Standard statistical tests offer little protection against this possibility when
the analyst has tried a variety of models before settling on the final specification.

154. See supra § IV.B.1.

155. An interval estimate may be composed of a point estimate—like the sample mean used to
estimate the population mean—together with its standard error; or the point estimate and standard
error can be combined in a confidence interval.
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estimate is that the pass rate for men is 20 percentage points higher than for
women; and the difference may plausibly be as little as 0 or as much as 40
percentage points. The p-value does not yield this information. The confidence
interval contains the information provided by a significance test—and more."*
For instance, significance at the .05 level can be read off the 95% confidence
interval.”” In our example, zero is at the extreme edge of the 95% confidence
interval, so we have “significant” evidence that the true difference in pass rates
between male and female applicants is not zero. But there are values very close
to zero inside the interval.

On the other hand, suppose a significance test fails to reject the null hypoth-
esis. The confidence interval may prevent the mistake of thinking there is posi-
tive proof for the null hypothesis. To illustrate, let us change our example
slightly: say that 29 men and 20 women passed the test. The 95% confidence
interval goes from -2 to 38 percentage points. Because a difference of zero falls
within the 95% confidence interval, the null hypothesis—that the true differ-
ence is zero—cannot be rejected at the .05 level. But the interval extends to 38
percentage points, indicating that the population difference could be substantial.
Lack of significance does not exclude this possibility.'>®

5. What Are the Rival Hypotheses?

The p-value of a statistical test is computed on the basis of a model for the data—
the null hypothesis. Usually, the test is made in order to argue for the alternative
hypothesis—another model. However, on closer examination, both models may
prove to be unreasonable.”® A small p-value means something is going on,
besides random error; the alternative hypothesis should be viewed as one pos-
sible explanation—out of many—for the data.'®

156. Accordingly, it has been argued that courts should demand confidence intervals (whenever
they can be computed) to the exclusion of explicit significance tests and p-values. Kaye, supra note 118,
at 1349 n.78; . Bailar & Mosteller, supra note 140, at 317.

157. Instead of referring to significance at the .05 level, some writers refer to “the 95 percent
confidence level that is often used by scientists to reject the possibility that chance alone accounted for
observed difterences.” Carnegie Comm’n on Science, Tech. & Gov’t, Science and Technology in
Judicial Decision Making: Creating Opportunities and Meeting Challenges 28 (1993).

158. We have used two-sided intervals, corresponding to two-tailed tests. One-sided intervals,
corresponding to one-tailed tests, also are available.

159. Often, the null and alternative hypotheses are statements about possible ranges of values for
parameters in a common statistical model. See, e.g., supra note 148. Computations of standard errors, p-
values, and power all take place within the confines of this basic model. The statistical analysis looks at
the relative plausibility for competing values of the parameters, but makes no global assessment of the
reasonableness of the basic model.

160. See, e.g., Paul Meier & Sandy Zabell, Benjamin Peirce and the Howland Will, 75 J. Am. Stat.
Ass’n 497 (1980) (competing explanations in a forgery case). Outside the legal realm there are many
intriguing examples of the tendency to think that a small p-value is definitive proof of an alternative
hypothesis, even though there are other plausible explanations for the data. See, e.g., Freedman et al.,

supra note 16, at 562—63; C.E.M. Hansel, ESP: A Scientific Evaluation (1966).
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In Mapes Casino, Inc. v. Maryland Casualty Co.,'*" for example, the court
recognized the importance of explanations that the proponent of the statistical
evidence had failed to consider. In this action to collect on an insurance policy,
Mapes Casino sought to quantify the amount of its loss due to employee defal-
cation. The casino argued that certain employees were using an intermediary to
cash in chips at other casinos. It established that over an 18-month period, the
win percentage at its craps tables was 6%, compared to an expected value of
20%. The court recognized that the statistics were probative of the fact that
something was wrong at the craps tables—the discrepancy was too big to explain
as the mere product of random chance. But it was not convinced by plaintiff’s
alternative hypothesis. The court pointed to other possible explanations
” “scamming,” and “crossroading”) that
might have accounted for the discrepancy without implicating the suspect em-
ployees.'® In short, rejection of the null hypothesis does not leave the proffered
alternative hypothesis as the only viable explanation for the data.'®?

(Runyonesque activities like “skimming,

In many studies, the validity of the model is secured by the procedures used to collect the data.
There are formulas for standard errors and confidence intervals that hold when random samples are
used. See supra §§ I1.B, IV.A.2. There are statistical tests for comparing two random samples, or evalu-
ating the results of a randomized experiment. See supra §§ II.A, IV.B.2. In such examples, the statistical
procedures flow from the sampling method and the design of the study. On the other hand, if samples
of convenience are used, or subjects are not randomized, the validity of the statistical procedures can be
contested. See Freedman et al., supra note 16, at 387-88, 424, 557-65.

161. 290 F. Supp. 186 (D. Nev. 1968).

162. Id. at 193. “Skimming” consists of “taking off the top before counting the drop,” “scamming”
is “cheating by collusion between dealer and player,” and “crossroading” involves “professional cheat-
ers among the players.” Id. In plainer language, the court seems to have ruled that the casino itself might
be cheating, or there could have been cheaters other than the particular employees identified in the
case. At the least, plaintiff’s statistical evidence did not rule out such possibilities.

163. Compare EEOC v. Sears, Roebuck & Co., 839 F.2d 302, 312 & n.9, 313 (7th Cir. 1988)
(EEOC’s regression studies showing significant differences did not establish liability because surveys and
testimony supported the rival hypothesis that women generally had less interest in commission sales
positions), with EEOC v. General Tel. Co., 885 F.2d 575 (9th Cir. 1989) (unsubstantiated rival hypoth-
esis of “lack of interest” in “non-traditional” jobs insufticient to rebut prima facie case of gender dis-
crimination); ¢f. supra § II.LA (problem of confounding); infra note 230 (eftect of omitting important
variables from a regression model).

»
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D. Posterior Probabilities

Standard errors, p-values, and significance tests are common techniques for as-
sessing random error. These procedures rely on the sample data, and are justified
in terms of the “operating characteristics” of the statistical procedures.'®* How-
ever, this frequentist approach does not permit the statistician to compute the
probability that a particular hypothesis is correct, given the data.' For instance,
a frequentist may postulate that a coin is fair: it has a 50-50 chance of landing
heads, and successive tosses are independent; this is viewed as an empirical state-
ment—potentially falsifiable—about the coin. On this basis, it is easy to calcu-
late the chance that the coin will turn up heads in the next ten tosses:'*® the
answer is 1/1,024. Therefore, observing ten heads in a row brings into serious
question the initial hypothesis of fairness. Rejecting the hypothesis of fairness
when there are ten heads in ten tosses gives the wrong result—when the coin is
fair—only one time in 1,024. That is an example of an operating characteristic
of a statistical procedure.

But what of the converse probability: if a coin lands heads ten times in a row,
what is the chance that it is fair?'”” To compute such converse probabilities, it is
necessary to postulate initial probabilities that the coin is fair, as well as prob-
abilities of unfairness to various degrees.'® And that is beyond the scope of
frequentist statistics.'®’

164. “Operating characteristics” are the expected value and standard error of estimators, probabili-
ties of error for statistical tests, and related quantities.

165. See supra § IV.B.1; infra Appendix. Consequently, quantities such as p-values or confidence
levels cannot be compared directly to numbers like .95 or .50 that might be thought to quantify the
burden of persuasion in criminal or civil cases. See Kaye, supra note 144; D.H. Kaye, Apples and Oranges:
Confidence Coefficients and the Burden of Persuasion, 73 Cornell L. Rev. 54 (1987).

166. Stated slightly more formally, if the coin is fair and each outcome is independent (the hypoth-
esis), then the probability of observing ten heads (the data) is Pr(data|H ) = (1/2)'" = 1/1,024, where
H, stands for the hypothesis that the coin is fair.

167. We call this a “converse probability” because it is of the form Pr(H, |data) rather than
Pr(data|H ); an equivalent phrase, “inverse probability,” also is used. The tendency to think of Pr(data|H)
as if it were the converse probability Pr(H, |data) is the “transposition fallacy.” For instance, most
United States senators are men, but very few men are senators. Consequently, there is a high probability
that an individual who is a senator is a man, but the probability that an individual who is a man is a
senator is practically zero. For examples of the transposition fallacy in court opinions, see cases cited
supra note 142. See also Committee on DNA Forensic Science: An Update, supra note 60, at 133
(describing the fallacy in cases involving DNA identification evidence as the “prosecutor’s fallacy”).
The frequentist p-value, Pr(data|H,), is generally not a good approximation to the Bayesian Pr(H, | data);
the latter includes considerations of power and base rates.

168. See infra Appendix.

169. In some situations, the probability of an event on which a case depends can be computed with
objective methods. However, these events are measurable outcomes (like the number of heads in a
series of tosses of a coin) rather than hypotheses about the process that generated the data (like the claim
that the coin is fair). For example, in United States v. Shonubi, 895 F. Supp. 460 (E.D.N.Y. 1995), rev’d,
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In the Bayesian or subjectivist approach, probabilities represent subjective
degrees of belief rather than objective facts. The observer’s confidence in the
hypothesis that a coin is fair, for example, is expressed as a number between zero
and one;'”’ likewise, the observer must quantify beliefs about the chance that
the coin is unfair to various degrees—all in advance of seeing the data.'”" These
subjective probabilities, like the probabilities governing the tosses of the coin,
are set up to obey the axioms of probability theory. The probabilities for the
various hypotheses about the coin, specified before data collection, are called
prior probabilities.

These prior probabilities can then be updated, using “Bayes’ rule,” given data
on how the coin actually falls."”” In short, Bayesian statisticians can compute
posterior probabilities for various hypotheses about the coin, given the data.'”
Although such posterior probabilities can pertain directly to hypotheses of legal
interest, they are necessarily subjective, for they reflect not just the data but also

103 F.3d 1085 (2d Cir. 1997), a government expert estimated for sentencing purposes the total quantity
of heroin that a Nigerian defendant living in New Jersey had smuggled (by swallowing heroin-filled
balloons) in the course of eight trips to and from Nigeria. He applied a method known as “resampling”
or “bootstrapping.” Specifically, he drew 100,000 independent simple random samples of size seven
from a population of weights distributed as in customs data on 117 other balloon swallowers caught in
the same airport during the same time period; he discovered that for 99% of these samples, the total
weight was at least 2090.2 grams. 895 F. Supp. at 504. Thus, the researcher reported that “there is a 99%
chance that Shonubi carried at least 2090.2 grams of heroin on the seven [prior] trips . . . .” Id. How-
ever, the Second Circuit reversed this finding for want of “specific evidence of what Shonubi had
done.” 103 F.3d at 1090. Although the logical basis for this “specific evidence” requirement is unclear,
a difficulty with the expert’s analysis is apparent. Statistical inference generally involves an extrapolation
from the units sampled to the population of all units. Thus, the sample needs to be representative. In
Shonubi, the government used a sample of weights, one for each courier on the trip at which that
courier was caught. It sought to extrapolate from these data to many trips taken by a single courier—
trips on which that other courier was not caught.

170. Here “confidence” has the meaning ordinarily ascribed to it rather than the technical inter-
pretation applicable to a frequentist “confidence interval.” Consequently, it can be related to the bur-
den of persuasion. See Kaye, supra note 165.

171. For instance, let p be the unknown probability that coin lands heads: What is the chance that
p exceeds .62 The Bayesian statistician must be prepared to answer all such questions. Bayesian proce-
dures are sometimes defended on the ground that the beliefs of any rational observer must conform to
the Bayesian rules. However, the definition of “rational” is purely formal. See Peter C. Fishburn, The
Axioms of Subjective Probability, 1 Stat. Sci. 335 (1986); David Kaye, The Laws of Probability and the Law of
the Land, 47 U. Chi. L. Rev. 34 (1979).

172. See infra Appendix.

173. See generally George E.P. Box & George C. Tiao, Bayesian Inference in Statistical Analysis
(Wiley Classics Library ed., John Wiley & Sons, Inc. 1992) (1973). For applications to legal issues, see,
e.g., Aitken et al., supra note 45, at 337-48; David H. Kaye, DNA Evidence: Probability, Population
Genetics, and the Courts, 7 Harv. J.L. & Tech. 101 (1993).
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the subjective prior probabilities—that is, the degrees of belief about the various
hypotheses concerning the coin specified prior to obtaining the data.'*

Such analyses have rarely been used in court,'” and the question of their
forensic value has been aired primarily in the academic literature.'”® Some stat-
isticians favor Bayesian methods,'”’

posed their use in certain kinds of cases in certain circumstances.'”®

and some legal commentators have pro-

V. Correlation and Regression

Regression models are often used to infer causation from association; for ex-
ample, such models are frequently introduced to prove disparate treatment in
discrimination cases, or to estimate damages in antitrust actions. Section V.D
explains the ideas and some of the pitfalls. Sections V.A—C cover some prelimi-
nary material, showing how scatter diagrams, correlation coefficients, and re-
gression lines can be used to summarize relationships between variables.

174. In this framework, the question arises of whose beliefs to use—the statistician’s or the factfinder’s.
See, e.g., Michael O. Finkelstein & William B. Fairley, A Bayesian Approach to Identification Evidence, 83
Harv. L. Rev. 489 (1970) (proposing that experts give posterior probabilities for a wide range of prior
probabilities, to allow jurors to use their own prior probabilities or just to judge the impact of the data
on possible values of the prior probabilities). But see Laurence H. Tribe, Trial by Mathematics: Precision
and Ritual in the Legal Process, 84 Harv. L. Rev. 1329 (1971) (arguing that efforts to describe the impact
of evidence on a juror’s subjective probabilities would unduly impress jurors and undermine the pre-
sumption of innocence and other legal values).

175. The exception is paternity litigation; when genetic tests are indicative of paternity, testimony
as to a posterior “probability of paternity” is common. See, e.g., 1 Modern Scientific Evidence: The
Law and Science of Expert Testimony, supra note 3, § 19-2.5.

176. See, e.g., Probability and Inference in the Law of Evidence: The Uses and Limits of Bayesianism
(Peter Tillers & Eric D. Green eds., 1988); Symposium, Decision and Inference in Litigation, 13 Cardozo
L. Rev. 253 (1991). The Bayesian framework probably has received more acceptance in explicating
legal concepts such as the relevance of evidence, the nature of prejudicial evidence, probative value, and
burdens of persuasion. See, e.g., Richard D. Friedman, Assessing Evidence, 94 Mich. L. Rev. 1810 (1996)
(book review); Richard O. Lempert, Modeling Relevance, 75 Mich. L. Rev. 1021 (1977); D.H. Kaye,
Clarifying the Burden of Persuasion: What Bayesian Decision Rules Do and Do Not Do, 3 Int’l J. Evidence &
Proof 1 (1999).

177. E.g., Donald A. Berry, Inferences Using DNA Profiling in Forensic Identification and Paternity
Cases, 6 Stat. Sci. 175, 180 (1991); Stephen E. Fienberg & Mark J. Schervish, The Relevance of Bayesian
Inference for the Presentation of Statistical Evidence and for Legal Decisionmaking, 66 B.U. L. Rev. 771 (1986).
Nevertheless, many statisticians question the general applicability of Bayesian techniques: The results of’
the analysis may be substantially influenced by the prior probabilities, which in turn may be quite
arbitrary. See, e.g., Freedman, supra note 112.

178. E.g., Joseph C. Bright, Jr. et al., Statistical Sampling in Tax Audits, 13 L. & Soc. Inquiry 305
(1988); Ira Mark Ellman & David Kaye, Probabilities and Proof: Can HLA and Blood Group Testing Prove
Paternity?, 54 N.Y.U. L. Rev. 1131 (1979); Finkelstein & Fairley, supra note 174; Kaye, supra note 173.
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A. Scatter Diagrams

The relationship between two variables can be graphed in a scatter diagram.'”
Data on income and education for a sample of 350 men, ages 25 to 29, residing
in Texas'™ provide an example. Each person in the sample corresponds to one
dot in the diagram. As indicated in Figure 4, the horizontal axis shows the
person’s education, and the vertical axis shows his income. Person A completed
8 years of schooling (grade school) and had an income of $19,000. Person B
completed 16 years of schooling (college) and had an income of $38,000.

Figure 4. Plotting a scatter diagram. The horizontal axis shows educational
level and the vertical axis shows income.
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Figure 5 is the scatter diagram for the Texas data. The diagram confirms an
obvious point. There is a “positive association” between income and education:
in general, persons with a higher educational level have higher incomes. How-
ever, there are many exceptions to this rule, and the association is not as strong
as one might expect.

179. These diagrams are also referred to as scatterplots or scattergrams.

180. These data are from a public-use data tape, Bureau of the Census, U.S. Dep’t of Commerce,
for the March 1988 Current Population Survey. Income and education (years of schooling completed)
are self-reported. Income is truncated at $100,000 and education at 18 years.
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Figure 5. Scatter diagram for income and education: men age 25 to 29 in
Texas.'®!
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B. Correlation Coefficients

Two variables are positively correlated when their values tend to go up or down
together.'® Income and education in Figure 5 provides an example. The corre-
lation coefficient (usually denoted by the letter 1) is a single number that reflects
the strength of an association. Figure 6 shows the values of r for three scatter
diagrams.

181. Education may be compulsory, but the Current Population Survey generally finds a small
percentage of respondents who report very little schooling. Such respondents will be found at the lower
left corner of the scatter diagram.

182. Many statistics and displays are available to investigate association. The most common are the
correlation coefticient and the scatter diagram.
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Figure 6. The correlation coefficient measures the strength of linear

association.
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A correlation coefficient of 0 indicates no linear association between the vari-
ables, while a coefficient of +1 indicates a perfect linear relationship: all the dots
in the scatter diagram fall on a straight line that slopes up. The maximum value
for ris +1. Sometimes, there is a negative association between two variables:
large values of one tend to go with small values of the other. The age of a car and
its fuel economy in miles per gallon provide an example. Negative association is
indicated by negative values for r. The extreme case is an r of —1, indicating
that all the points in the scatter diagram lie on a straight line which slopes down.

Moderate associations are the general rule in the social sciences; correlations
larger than, say, 0.7 are quite unusual in many fields. For example, the correla-
tion between college grades and first-year law school grades is under 0.3 at most
law schools, while the correlation between LSAT scores and first-year law grades
is generally about 0.4.' The correlation between heights of fraternal twins is
about 0.5, while the correlation between heights of identical twins is about
0.95. In Figure 5, the correlation between income and education was 0.43. The
correlation coefficient cannot capture all the underlying information. Several
issues may arise in this regard, and we consider them in turn.

183. Linda F. Wightman, Predictive Validity of the LSAT: A National Summary of the 1990-1992
Correlation Studies 10 (1993); ¢f. Linda F. Wightman & David G. Muller, An Analysis of Difterential
Validity and Differential Prediction for Black, Mexican-American, Hispanic, and White Law School
Students 11-13 (1990). A combination of LSAT and undergraduate grade point average has a higher
correlation with first-year law school grades than either item alone. The multiple correlation coefticient

is typically about 0.5. Wightman, supra, at 10.
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1. Is the Association Linear?

The correlation coefficient is designed to measure linear association. Figure 7
shows a strong nonlinear pattern with a correlation close to zero. When the
scatter diagram reveals a strong nonlinear pattern, the correlation coefficient
may not be a useful summary statistic.

Figure 7. The correlation coefficient only measures linear association. The
scatter diagram shows a strong nonlinear association with a
correlation coefficient close to zero.
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2. Do Outliers Influence the Correlation Coefficient?

The correlation coefficient can be distorted by outliers—a few points that are far
removed from the bulk of the data. The left hand panel in Figure 8 shows that
one outlier (lower right hand corner) can reduce a perfect correlation to nearly
nothing. Conversely, the right hand panel shows that one outlier (upper right
hand corner) can raise a correlation of zero to nearly one.

137



Reference Manual on Scientific Evidence

Figure 8. The correlation coefficient can be distorted by outliers. The left
hand panel shows an outlier (in the lower right hand corner) that
destroys a nearly perfect correlation. The right hand panel shows an
outlier (in the upper right hand corner) that changes the correlation
from zero to nearly one.

15 - 15 -

12 . 12

9 4 ’ 94

6 - . 6 -

3 ) 3

0 E— o+
0 3 6 9 12 15 0 3 6 9 12 15

3. Does a Confounding Variable Influence the Coefficient?

The correlation coefficient measures the association between two variables. In-
vestigators—and the courts—are usually more interested in causation. Associa-
tion is not necessarily the same as causation. As noted in section II.A, the asso-
ciation between two variables may be driven largely by a “third variable” that
has been omitted from the analysis. For an easy example, among school chil-
dren, there is an association between shoe size and vocabulary. However, learn-
ing more words does not cause feet to get bigger, and swollen feet do not make
children more articulate. In this case, the third variable is easy to spot—age. In
more realistic examples, the driving variable may be harder to identify.
Technically, third variables are called confounders or confounding variables.'®!
The basic methods of dealing with confounding variables involve controlled
experiments'® or the application, typically though a technique called “multiple
regression,”'® of “statistical controls.”'® In many examples, association really
does reflect causation, but a large correlation coefficient is not enough to war-
rant such a conclusion. A large value of r only means that the dependent variable

184. See supra § 11.A.1.

185. See supra § 11.A.2.

186. Multiple regression analysis is discussed infra § V.D and again in Daniel L. Rubinfeld, Refer-
ence Guide on Multiple Regression, § II, in this manual.

187. For the reasons stated supra § II.A, efforts to control confounding in observational studies are
generally less convincing than randomized controlled experiments.
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marches in step with the independent one—for any number of possible reasons,
ranging from causation to confounding.'®®

C. Regression Lines

The regression line can be used to describe a linear trend in the data. The regres-
sion line for income on education in the Texas sample is shown in Figure 9. The
height of the line estimates the average income for a given educational level. For
example, the average income for people with eight years of education is esti-
mated at $9,600, indicated by the height of the line at eight years; the average
income for people with sixteen years of education is estimated at about $23,200.

Figure 10 repeats the scatter diagram for income and education (see Figure
5); the regression line is plotted too. In a general way, the line shows the average
trend of income as education increases. Thus, the regression line indicates the
extent to which a change in one variable (income) is associated with a change in
another variable (education).

Figure 9. The regression line for income on education, and its estimates.
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188. The square of the correlation coefficient, r, is sometimes called the proportion of variance
“explained.” However, “explained” is meant in a purely technical sense, and large values of ¥ need not
point to a causal explanation.
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Figure 10. Scatter diagram for income and education, with the regression line
indicating the trend.
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1. What Are the Slope and Intercept?

The regression line can be described in terms of its slope and intercept.”®’ In
Figure 10, the slope is $1,700 per year. On average, each additional year of
education is associated with an additional $1,700 of income. The intercept is —
$4,000. This is an estimate of the average income for persons with zero years of
education. The estimate is not a good one, for such persons are far from the
center of the diagram. In general, estimates based on the regression line become
less trustworthy as we move away from the bulk of the data.

The slope has the same limitations as the correlation coefficient in measuring
the degree of association:'" (1) It only measures linear relationships; (2) it may

189. The regression line, like any straight line, has an equation of the form y = mx + b. Here, m is
the slope, that is, the change in y per unit change in x. The slope is the same anywhere along the line.
Mathematically, that is what distinguishes straight lines from curves. The intercept b is the value of y
when x is zero. The slope of a line is akin to the grade of a road; the intercept gives the starting
elevation. In Figure 9, the regression line estimates an average income of $23,200 for people with 16
years of education. This may be computed from the slope and intercept as follows:

($1,700 per year) X 16 years — $4,000 = $27,200 — $4,000 = $23,200

190. In fact, the correlation coefficient is the slope of the regression line if the variables are “stan-
dardized,” that is, measured in terms of standard deviations away from the mean.
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be influenced by outliers; and (3) it does not control for the effect of other
variables. With respect to (1), the slope of $1,700 per year presents each addi-
tional year of education as having the same value, but some years of schooling
surely are worth more and others less. With respect to (3), the association be-
tween education and income graphed in Figure 10 is partly causal, but there are
other factors to consider, including the family backgrounds of the people in the
sample. For instance, people with college degrees probably come from richer
and better educated families than those who drop out after grade school. Col-
lege graduates have other advantages besides the extra education. Factors like
these must have some effect on income. That is why statisticians use the qualified
language of “on average” and “associated with.”™!

2. What Is the Unit of Analysis?

If association between the characteristics of individuals is of interest, these char-
acteristics should be measured on individuals. Sometimes the individual data are
not available, but rates or averages are; correlations computed from rates or
averages are termed “ecological.” However, ecological correlations generally
overstate the strength of an association. An example makes the point. The aver-
age income and average education can be determined for the men living in each
state. The correlation coefficient for these 50 pairs of averages turns out to be
0.66. However, states do not go to school and do not earn incomes. People do.
The correlation for income and education for all men in the United States is
only about 0.44."% The correlation for state averages overstates the correlation
for individuals—a common tendency for such ecological correlations.?

Ecological correlations are often used in cases claiming a dilution in the vot-
ing strength of a racial minority. In this type of voting rights case plaintifts must
prove three things: (1) the minority group constitutes a majority in at least one
district of a proposed plan; (2) the minority group is politically cohesive, that is,
votes fairly solidly for its preferred candidate; and (3) the majority group votes
sufficiently as a bloc to defeat the minority-preferred candidate.' The first test
is called compactness. The second and third tests deal with racially polarized
voting.

191. Many investigators would use multiple regression to isolate the effects of one variable on
another—for instance, the independent eftect of education on income. Such efforts may run into
problems. See generally supra § ILA, infra § V.D.

192. Correlations are computed from a public-use data tape, Bureau of the Census, Dep’t of Com-
merce, for the March 1993 Current Population Survey.

193. The ecological correlation uses only the average figures, but within each state there is a lot of
spread about the average. The ecological correlation overlooks this individual variation.

194. See Thornburg v. Gingles, 478 U.S. 30, 50-51 (1986) (“First, the minority group must be able
to demonstrate that it is sufficiently large and geographically compact to constitute a majority in a
single-member district. . . . Second, the minority group must be able to show that it is politically
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Of course, the secrecy of the ballot box means that racially polarized voting
cannot be directly observed.'” Instead, plaintiffs in these voting rights cases rely
on scatter diagrams and regression lines to estimate voting behavior by racial or
ethnic groups. The unit of analysis is typically the precinct; hence, the tech-
nique is called “ecological regression.” For each precinct, public records may
suffice to determine the percentage of registrants in each racial or ethnic group,
as well as the percentage of the total vote for each candidate—Dby voters from all
demographic groups combined. The statistical issue, then, is to estimate how
each demographic subgroup voted.

Figure 11 provides an example. Each point in the scatter diagram shows data
for a precinct in the 1982 Democratic primary election for auditor in Lee County,
South Carolina. The horizontal axis shows the percentage of registrants who are
white. The vertical axis shows the “turnout rate” for the white candidate.'
The regression line is plotted too. In this sort of diagram, the slope is often
interpreted as the difference between the white turnout rate and the black turn-
out rate for the white candidate; the intercept would be interpreted as the black
turnout rate for the white candidate.'” However, the validity of such estimates
is contested in statistical literature.'”

cohesive. . .. Third, the minority must be able to demonstrate that the white majority votes sufficiently
as a bloc to enable it . . . usually to defeat the minority’s preferred candidate.”). In subsequent cases, the
Court has emphasized that these factors are not sufficient to make out a violation of section 2 of the
Voting Rights Act. E.g., Johnson v. De Grandy, 512 U.S. 997, 1011 (1994) (“Gingles . . . clearly
declined to hold [these factors] sufficient in combination, either in the sense that a court’s examination
of relevant circumstances was complete once the three factors were found to exist, or in the sense that
the three in combination necessarily and in all circumstances demonstrated dilution.”).

195. Some information could be obtained from exit polls. E.g., Aldasoro v. Kennerson, 922 F.
Supp. 339, 344 (S.D. Cal. 1995).

196. By definition, the turnout rate equals the number of votes for the candidate, divided by the
number of registrants; the rate is computed separately for each precinct.

197. Figure 11 contemplates only one white candidate; more complicated techniques could be
used if there were several candidates of each race. The intercept of the line is 4% and the slope is .52.
Plaintiffs would conclude that only 4% of the black registrants voted for the white candidate, while
4% + 52% = 56% of the white registrants voted for the white candidate, which demonstrates polariza-
tion.

198. For further discussion of the problem of ecological regression in this context, see Stephen P.
Klein & David A. Freedman, Ecological Regression in Voting Rights Cases, Chance, Summer 1993, at 38;
Bernard Grofman & Chandler Davidson, Controversies in Minority Voting: The Voting Rights Act in
Perspective (1992). The use of ecological regression increased considerably after the Supreme Court
noted in Thormburg v. Gingles, 478 U.S. 30, 53 n.20 (1986), that “[tJhe District Court found both
methods [extreme case analysis and bivariate ecological regression analysis] standard in the literature for
the analysis of racially polarized voting.” See, e.g., Teague v. Attala County, 92 F.3d 283, 285 (5th Cir.
1996) (one of “two standard methods for analyzing electoral data”); Houston v. Lafayette County, 56
F.3d 606, 612 (5th Cir. 1995) (holding that district court erred in ignoring ecological regression results).
Nevertheless, courts have cautioned against “overreliance on bivariate ecological regression” in light of’
the inherent limitations of the technique (Lewis v. Alamance County, 99 F.3d 600, 604 n.3 (4th Cir.
1996)), and some courts have found ecological regressions unconvincing. E.g., Aldasoro v. Kennerson,
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Figure 11. Turnout rate for the white candidate plotted against the percentage
of registrants who are white. Precinct-level data, 1982 Democratic
Primary for Auditor, Lee County, South Carolina.'”

80

Turnout Rate for White Candidate

0 T T T T 1

0 20 40 60 80 100
Percentage of Registrants Who Are White

D. Statistical Models

Statistical models are widely used in the social sciences and in litigation.*” For
example, the census suffers an undercount, more severe in certain places than
others; if some statistical models are to be believed, the undercount can be
corrected—moving seats in Congress and millions of dollars a year in entitle-
ment funds.?! Other models purport to lift the veil of secrecy from the ballot

200

922 F. Supp. 339 (S.D. Cal. 1995); Romero v. City of Pomona, 665 F. Supp. 853, 860 (C.D. Cal.
1987), aff’d, 883 F.2d 1418 (9th Cir. 1989); ¢f. Johnson v. Miller, 864 F. Supp. 1354, 1390 (S.D. Ga.
1994) (“mind-numbing and contradictory statistical data,” including bivariate ecological regression,
established “that some degree of vote polarization exists, but not in alarming quantities. Exact levels are
unknowable.”), aff’d, 515 U.S. 900 (1995).

Redistricting plans based predominantly on racial considerations are unconstitutional unless nar-
rowly tailored to meet a compelling state interest. Shaw v. Reno, 509 U.S. 630 (1993). Whether
compliance with the Voting Rights Act can be considered a compelling interest is an open question,
but efforts to sustain racially motived redistricting on this basis have not fared well before the Supreme
Court. See Abrams v. Johnson, 521 U.S. 74 (1997); Shaw v. Hunt, 517 U.S. 899 (1996); Bush v. Vera,
517 U.S. 952 (1996).

199. Data from James W. Loewen & Bernard Grofman, Recent Developments in Methods Used in Vote
Dilution Litigation, 21 Urb. Law. 589, 591 tbl.1 (1989).

200. The frequency with which regression models are used is no guarantee that they are the best
choice for a particular problem. See, e.g., David W. Peterson, Reference Guide on Multiple Regression, 36
Jurimetrics J. 213, 214-15 (1996) (review essay). On the factors that might justify the choice of a
particular model, see Moses, supra note 124.

201. See supra note 43.
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box, enabling the experts to determine how racial or ethnic groups have voted—
a crucial step in litigation to enforce minority voting rights.*”® This section
discusses the statistical logic of regression models.*”

A regression model attempts to combine the values of certain variables (the
independent variables) in order to get expected values for another variable (the
dependent variable). The model can be expressed in the form of a regression
equation. A simple regression equation has only one independent variable; a
multiple regression equation has several independent variables. Coefficients in
the equation will often be interpreted as showing the effects of changing the
corresponding variables. Sometimes, this interpretation can be justified. For in-
stance, Hooke’s law describes how a spring stretches in response to the load
hung from it: strain is proportional to stress.*”* There will be a number of obser-
vations on a spring. For each observation, the physicist hangs a weight on the
spring, and measures its length. A statistician could apply a regression model to
these data: for quite a large range of weights,”

length = a + b X weight + €. 1)

The error term, denoted by the Greek letter epsilon (€), is needed because
measured length will not be exactly equal to a + b X weight. If nothing else,
measurement error must be reckoned with. We model € as a draw made at
random with replacement from a box of tickets. Each ticket shows a potential
error, which will be realized if that ticket is drawn. The average of all the poten-
tial errors in the box is assumed to be zero. In more standard statistical terminol-
ogy, the &s for different observations are assumed to be “independent and iden-
tically distributed, with mean zero.”*"*

In equation (1), a and b are parameters, unknown constants of nature that
characterize the spring: a is the length of the spring under no load, and b is
elasticity, the increase in length per unit increase in weight.?”” These parameters

202. See supra § V.C.2.

203. For a more detailed treatment, see Daniel L. Rubinfeld, Reference Guide on Multiple Re-
gression at app., in this manual.

204. This law is named after Robert Hooke (England, 1653-1703).

205. The dependent or response variable in equation (1) is the length of the spring, on the left hand
side of the equation. There is one independent or explanatory variable on the right hand side—weight.
Since there is only one explanatory variable, equation (1) is a simple regression equation.

Hooke’s law is only an approximation, although it is a very good one. With large enough weights,
a quadratic term will be needed in equation (1). Moreover, beyond some point, the spring exceeds its
elastic limit and snaps.

206. For some purposes, it is also necessary to assume that the errors follow the normal distribution.

207. Cf. supra note 121 (defining the term “parameter”).
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are not observable,?”® but they can be estimated by “the method of least
squares.”? In statistical notation, estimates are often denoted by hats; thus, 4 is
the estimate for a, and b is the estimate for b.2° Basically, the values of 4 and b
are chosen to minimize the sum of the squared “prediction errors.”*'! These
errors are also called “residuals”: they measure the difference between the actual
length and the predicted length, the latter being 4 + b X weight.2!?

residual = actual length — d —b x weight (2

Of course, no one really imagines there to be a box of tickets hidden in the
spring. However, the variability of physical measurements (under many but by
no means all circumstances) does seem to be remarkably like the variability in
draws from a box.?"* In short, the statistical model corresponds rather closely to
the empirical phenomenon.

1. A Social Science Example

We turn now to social science applications of the kind that might be seen in
litigation. A case study would take us too far afield, but a stylized example of
regression analysis used to demonstrate sex discrimination in salaries may give
the idea.”™ We use a regression model to predict salaries (dollars per year) of
employees in a firm using three explanatory variables: education (years of school-
ing completed), experience (years with the firm), and a dummy variable for

208. It might seem that a is observable; after all, one can measure the length of the spring with no
load. However, the measurement is subject to error, so one observes not a but a + €. See equation (1).
The parameters a and b can be estimated, even estimated very well, but they cannot be observed
directly.

209. The method was developed by Adrien-Marie Legendre (France, 1752-1833) and Carl Friedrich
Gauss (Germany, 1777-1855) to fit astronomical orbits.

210. Another convention is use Greek letters for the parameters and English letters for the esti-
mates.

211. Given trial values for a and b, one computes residuals as in equation (2), and then the sum of
the squares of these residuals. The “least squares” estimates d and b are the values of a and b that
minimize this sum of squares. These least squares values can be computed from the data by a math-
ematical formula. They are the intercept and slope of the regression line. See supra § V.C.1; Freedman
et al., supra note 16, at 208-10. .,

212. The residual is observable, but because the estimates d and b are only approximations to the
parameters a and b, the residual is only an approximation to the error term in equation (1). The term
“predicted value” is used in a specialized sense, because the actual values are available too; statisticians
often refer to “fitted value” rather than “predicted value,” to avoid possible misinterpretations.

213. This is Gauss’s model for measurement error. See Freedman et al., supra note 16, at 450-52.

214. For a more extended treatment of the concepts, see Daniel L. Rubinfeld, Reference Guide on
Multiple Regression, at app., in this manual.
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215 216

gender, taking the value 1 for men and 0 for women.*" The equation 1

salary = a + b X education + ¢ X experience + d X gender + € (3)

Equation (3) is a statistical model for the data, with unknown parameters a, b, ¢,
and d; here, a is the intercept and the others are regression coefficients; € is an
unobservable error term. This is a formal analog of Hooke’s law, shown as
equation (1); the same assumptions are made about the errors. In other words,
an employee’s salary is determined as if by computing

a + b X education + ¢ X experience + d X gender 4)

then adding an error drawn at random from a box of tickets. The expression (4)
is the expected value for salary given the explanatory variables (education, expe-
rience, gender); the error term in equation (3) represents deviations from the
expected.

The parameters in equation (3) are estimated from the data using least squares.
If the estimated coefficient for the dummy variable turns out to be positive and
statistically significant (by a t-test?'”), that would be taken as evidence of dispar-
ate impact: men earn more than women, even after adjusting for differences in
background factors that might affect productivity. Education and experience are
entered into equation (3) as statistical controls, precisely in order to claim that
adjustment has been made for differences in backgrounds.

Suppose the estimated equation turns out as follows:

predicted salary = $7,100 + $1,300 X education +
$2,200 % experience + $700 X gender (5)

That is, 4 = $7,100, b= $1,300, and so forth. According to equation (5), every
extra year of education is worth on average $1,300; similarly, every extra year of
experience is worth on average $2,200; and, most important, the company gives
men a salary premium of $700 over women with the same education and expe-

215. A dummy variable takes only two values (e.g., 0 and 1) and serves to identify two mutually
exclusive and exhaustive categories.

216. In equation (3), the variable on the left hand side, salary, is the response variable. On the right
hand side are the explanatory variables—education, experience, and the dummy variable for gender.
Because there are several explanatory variables, this is a multiple regression equation rather than a
simple regression equation; ¢f. supra note 205.

Equations like (3) are suggested, somewhat loosely, by “human capital theory.” However, there
remains considerable uncertainty about which variables to put into the equation, what functional form
to assume, and how error terms are supposed to behave. Adding more variables is no panacea. See
Peterson, supra note 200, at 214-15.

217. See infra § V.D.2.

146



Reference Guide on Statistics

rience, on average. For example, a male employee with 12 years of education
(high school) and 10 years of experience would have a predicted salary of

$7,100 + $1,300 x 12 + $2,200 x 10 + $700 % 1
= $7,100 + $15,600 + $22,000 + $700 = $45,400  (6)

A similarly situated female employee has a predicted salary of only

$7,100 + $1,300 x 12 + $2,200 x 10 + $700 x 0
= $7,100 + $15,600 + $22,000 + $0 = $44,700 (7)

Notice the impact of the dummy variable: $700 is added to equation (6), but not
to equation (7).

A major step in proving discrimination is establishing that the estimated
coefficient of the dummy variable—$700 in our numerical illustration—is sta-
tistically significant. This depends on the statistical assumptions built into the
model. For instance, each extra year of education is assumed to be worth the
same (on average) across all levels of experience, both for men and women.
Similarly, each extra year of experience is worth the same across all levels of
education, both for men and women. Furthermore, the premium paid to men
does not depend systematically on education or experience. Ability, quality of
education, or quality of experience are assumed not to make any systematic
difference to the predictions of the model.*"®

The assumptions about the error term—that the errors are independent and
identically distributed from person to person in the data set—turn out to be
critical for computing p-values and demonstrating statistical significance. Re-
gression modeling that does not produce statistically significant coefficients is
unlikely to establish discrimination, and statistical significance cannot be estab-
lished unless stylized assumptions are made about unobservable error terms.*"”

The typical regression model is based on a host of such assumptions; without
them, inferences cannot be drawn from the model. With Hooke’s law—equa-
tion (1)—the model rests on assumptions that are relatively easy to validate
experimentally. For the salary discrimination model—equation (3)—validation
seems more difficult.””” Court or counsel may well inquire: What are the as-
sumptions behind the model, and why do they apply to the case at bar? In this
regard, it is important to distinguish between situations where (1) the nature of
the relationship between the variables is known and regression is being used to
make quantitative estimates, and (2) where the nature of the relationship is largely
unknown and regression is being used to determine the nature of the relation-

218. Technically, these omitted variables are assumed to be uncorrelated with the error term in the
equation.
219. See supra note 124.

220. Some of the material in this section is taken from Freedman, supra note 112, at 29-35.
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ship—or indeed whether any relationship exists at all. The statistical basis for
regression theory was developed to handle situations of the first type, with Hooke’s
law being an example. The basis for the second type of application is analogical,
and the tightness of the analogy is a critical issue.

2. Standard Errors, t-statistics, and Statistical Significance

Statistical proof of discrimination depends on the significance of d (the esti-
mated coefficient for gender); significance is determined by the t-test, using the
standard error of d. The standard error of d measures the likely difterence
between d and d, the difference being due to the action of the error term in
equation (3). The t-statistic is d divided by its standard error. For example, in
equation (5), d = $700. If the standard error of d is $325, then ¢t = $700/$325 =
2.15. This is significant, that is, hard to explain as the mere product of random
chance. Under the null hypothesis that d = 0, there is only about a 5% chance
that the absolute value of ¢ (denoted |f|) is greater than 2. A value of ¢ greater
than 2 would therefore demonstrate statistical significance.??' On the other hand,
if the standard error is $1,400, then f = $700/$1,400 = 0.5, and the discrepancy
could easily result from chance. Of course, the parameter d is only a construct in
a model. If the model is wrong, the standard error, f-statistic, and significance
level are rather difficult to interpret.

Even if the model is granted, there is a further issue: the 5% is a probability for
the data given the model, namely, P(|¢| > 2 |d = 0). However, the 5% is often
misinterpreted as P(d = 0 |data). This misinterpretation is commonplace in the
social science literature, and it appears in some opinions describing expert testi-
mony.””” For an objectivist statistician, P(d = 0 | data) makes no sense: param-
eters do not exhibit chance variation. For a subjectivist statistician, P(d = 0 | data)
makes good sense, but its computation via the f-test could be seriously in error,
because the prior probability that d = 0 has not been taken into account.?

3. Summary

The main ideas of regression modeling can be captured in a hypothetical ex-
change between a plaintiff seeking to prove salary discrimination and a company
denying that allegation. Such a dialog might proceed as follows:
1. Plaintiff argues that the defendant company pays male employees more
than females, which establishes prima facie case of discrimination.?**

221. The cutoff at 2 applies to large samples. Small samples require higher thresholds.

222. See supra § IV.B and notes 142, 167.

223. For an objectivist, the vertical bar “|” in P(|f| > 2|d = 0) means “computed on the assump-
tion that.” For a subjectivist, the bar would signify a conditional probability. See supra § IV.B.1, C; infra
Appendix.

224. The conditions under which a simple disparity between two groups amounts to a prima facie
case that shifts the burden of proof to the defendant in Title VII and other discrimination cases have yet

148



Reference Guide on Statistics

2. The company responds that the men are paid more because they are bet-
ter educated and have more experience.

3. Plaintiff tries to refute the company’s theory by fitting a regression equa-
tion like equation (5). Even after adjusting for differences in education
and experience, men earn $700 a year more than women, on average.
This remaining difference in pay shows discrimination.

4. The company argues that a small difference like $700 could be the result
of chance, not discrimination.

5. Plaintiff replies that the coefficient of “gender” in equation (5) is statisti-
cally significant, so chance is not a good explanation for the data.

Statistical significance is determined by reference to the observed significance
level, which is usually abbreviated to p.** The p-value depends not only on the
$700 difference in salary levels, but also on the sample size, among other things.?*
The bigger the sample, other things being equal, the smaller is p—and the tighter
is plaintift’s argument that the disparity cannot be explained by chance. Often, a
cutoffat 5% is used; if p is less than 5%, the difference is “statistically significant.”*’

In some cases, the p-value has been interpreted as the probability that defen-
dants are innocent of discrimination. However, such an interpretation is wrong:
p merely represents the probability of getting a large test statistic, given that the
model is correct and the true coefficient of “gender” is zero.?® Therefore, even
if the model is undisputed, a p-value less than 50% does not necessarily demon-
strate a “preponderance of the evidence” against the null hypothesis. Indeed, a
p-value less than 5% or 1% might not meet the preponderance standard.

In employment discrimination cases, and other contexts too, a wide variety
of models are used. This is perhaps not surprising, for specific equations are not
dictated by the science. Thus, in a strongly contested case, our dialog would be
likely to continue with an exchange about which model is better. Although

to be articulated clearly and comprehensively. Compare EEOC v. Olson’s Dairy Queens, Inc., 989 F.2d
165, 168 (5th Cir. 1993) (reversing district court for failing to find a prima facie case from the EEOC’s
statistics on the proportion of African-Americans in defendant’s workforce as compared to the propor-
tion of food preparation and service workers in the Houston Standard Metropolitan Statistical Area),
with Wilkins v. University of Houston, 654 F.2d 388 (5th Cir. 1981) (holding that the district court
correctly found that plaintiffs’ proof of simple disparities in faculty salaries of men and women did not
constitute a prima facie case), vacated and remanded on other grounds, 459 U.S. 809 (1982), aff’d on remand,
695 F.2d 134 (5th Cir. 1983). See generally, D.H. Kaye, Statistical Evidence: How to Avoid the “Diderot
Effect” of Getting Stumped, Inside Litig., Apr. 1988, at 21. Richard Lempert, Befuddled Judges: Statistical
Evidence in Title VII Cases, in Controversies in Civil Rights (Bernard Grofman ed., forthcoming 2000).

225. See supra § IV.B.1.

226. The p-value depends on the estimated value of the coefficient and its standard error. These
quantities can be computed from (1) the sample size, (2) the means and SDs of the variables, and (3) the
correlations between pairs of variables. The computation is rather intricate.

227. See supra § IV.B.2.

228. See supra §§ IV.B, V.D.2.
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statistical assumptions®’ are challenged in court from time to time, arguments

more commonly revolve around the choice of variables. One model may be
questioned because it omits variables that should be included—for instance, skill
levels or prior evaluations;*" another model may be challenged because it in-
cludes “tainted” variables reflecting past discriminatory behavior by the firm.>!
Frequently, each side will have its own equations and its own team of experts;
the court then must decide which model—if either—fits the occasion.*”

229. See generally supra § V.D.1 (discussion following equation (7)); Finkelstein & Levin, supra note
1, at 397—403; Daniel L. Rubinfeld, Reference Guide on Multiple Regression, in this manual. One
example of a statistical assumption is the independence from subject to subject of the error term in
equation (3); another example is that the errors have mean zero and constant variance.

230. E.g., Smith v. Virginia Commonwealth Univ., 84 F.3d 672 (4th Cir. 1996) (dispute over
omitted variables precludes summary judgment). Compare Bazemore v. Friday, 478 U.S. 385 (1986), on
remand, 848 F.2d 476 (4th Cir. 1988) and Sobel v. Yeshiva Univ., 839 F.2d 18, 34 (2d Cir. 1988)
(failure to include variables for scholarly productivity did not vitiate plaintifts’ regression study of salary
differences because “Yeshiva’s experts . . . [oftered] no reason, in evidence or analysis, for concluding
that they correlated with sex”), with Penk v. Oregon State Bd. of Higher Educ., 816 F.2d 458, 465 (9th
Cir. 1987) (“Missing parts of the plaintiffs’ interpretation of the board’s decision-making equation
included such highly determinative quality and productivity factors as teaching quality, community and
institutional service, and quality of research and scholarship . . . that . . . must have had a significant
influence on salary and advancement decisions.”) and Chang v. University of R.1., 606 F. Supp. 1161,
1207 (D.R.I. 1985) (plaintiff’s regression not entitled to substantial weight because the analyst “ex-
cluded salient variables even though he knew of their importance”).

The same issue arises, of course, with simpler statistical models, such as those used to assess the
difference between two proportions. See, e.g., Sheehan v. Daily Racing Form, Inc., 104 F.3d 940, 942
(7th Cir. 1997) (“Completely ignored was the more than remote possibility that age was correlated
with a legitimate job-related qualification, such as familiarity with computers. Everyone knows that
younger people are on average more comfortable with computers than older people are, just as older
people are on average more comfortable with manual-shift cars than younger people are.”).

231. Michael O. Finkelstein, The Judicial Reception of Multiple Regression Studies in Race and Sex
Discrimination Cases, 80 Colum. L. Rev. 737 (1980).

232. E.g., Chang, 606 F. Supp. at 1207 (“it is plain to the court that [defendant’s] model comprises
a better, more useful, more reliable tool than [plaintiff’s| counterpart”); Presseisen v. Swarthmore Col-
lege, 442 F. Supp. 593, 619 (E.D. Pa. 1977) (“[E]ach side has done a superior job in challenging the
other’s regression analysis, but only a mediocre job in supporting their own . . . and the Court s . . . left

with nothing.”), affd, 582 F.2d 1275 (3d Cir. 1978).
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Appendix
A. Probability and Statistical Inference

The mathematical theory of probability consists of theorems derived from axi-
oms and definitions. The mathematical reasoning is not controversial, but there
is some disagreement as to how the theory should be applied; that is, statisticians
may differ on the proper interpretation of probabilities in specific applications.
There are two main interpretations. For a subjectivist statistician, probabilities
represent degrees of belief, on a scale between 0 and 1. An impossible event has
probability 0, an event that is sure to happen has probability 1. For an objectivist
statistician, probabilities are not beliefs; rather, they are inherent properties of an
experiment. If the experiment can be repeated, then in the long run, the relative
frequency of an event tends to its probability. For instance, if a fair coin is tossed,
the probability of heads is 1/2; if the experiment is repeated, the coin will land
heads about one-half the time. If a fair die is rolled, the probability of getting an
ace (one spot) is 1/6; if the die is rolled many times, an ace will turn up about
one-sixth of the time.?* (Objectivist statisticians are also called frequentists,
while subjectivists are Bayesians, after the Reverend Thomas Bayes, England,
c.1701-1761.)

Statisticians also use conditional probability, that is, the probability of one
event given that another has occurred. For instance, suppose a coin is tossed
twice. One event is that the coin will land HH. Another event is that at least one
H will be seen. Before the coin is tossed, there are four possible, equally likely,
outcomes: HH, HT, TH, TT. So the probability of HH is 1/4. However, if we
know that at least one head has been obtained, then we can rule out two tails
TT. In other words, given that at least one H has been obtained, the conditional
probability of TT is 0, and the first three outcomes have conditional probability
1/3 each. In particular, the conditional probability of HH is 1/3. This is usually
written as P(HH |at least one H) = 1/3. More generally, the probability of any
event Bis denoted as P(B); the conditional probability of B given A is written as
P(B|A).

Two events A and B are independent if the conditional probability of B
given that A occurs is equal to the conditional probability of B given that A does
not occur. Statisticians often use “~A” to denote the event that A does not
occur, so A and B are independent if P(B |A) =P(B | ~A). If A and B are inde-

233. Probabilities may be estimated from relative frequencies, but probability itself is a subtler idea.
For instance, suppose a computer prints out a sequence of ten letters H and T (for heads and tails),
which alternate between the two possibilities H and T as follows: HT HT H T H T H T. The rela-
tive frequency of heads is 5/10 or 50%, but it is not at all obvious that the chance of an H at the next
position is 50%.
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pendent, then the probability that both occur is equal to the product of the
probabilities:

P(Aand B) = P(A) x P(B) (1)

This 1s the multiplication rule (or product rule) for independent events. If events
are dependent, then conditional probabilities must be used:

P(4and B) = P(A) x P(B|A) @)

This is the multiplication rule for dependent events.

Assessing probabilities, conditional probabilities, and independence is not en-
tirely straightforward. Inquiry into the basis for expert judgment may be useful,
and casual assumptions about independence should be questioned.**

Bayesian statisticians assign probabilities to hypotheses as well as to events;
indeed, for them, the distinction between hypotheses and events may not be a
sharp one. If H and H, are two hypotheses*” which govern the probability of
an event A, a Bayesian statistician might use the multiplication rule (2) to find
that

P(Aand H) = P(4|H,) P(H,) (3a)
and
P(Aand H) = P(A|H) P(H,) (3b)

Reasoning further that P(A4) = P(4 and H ) + P(A4 and H), the statistician
would conclude that

P(A[H)PH,)
(A|H)P(H,) + P(A|H)P(H) Q)

P(H,|4) =

This is a special case of Bayes’ rule, which yields the conditional probability
of hypothesis H given that event 4 has occurred. For example, H might be the
hypothesis that blood found at the scene of a crime came from a person unre-
lated to the defendant; H, might deny H  and assert that the blood came from
the defendant; and A could be the event that blood from both the crime scene
and the defendant is type A. Then P(H,) is the prior probability of H, based on
subjective judgment, while P(H, | A) is the posterior probability—the prior prob-
ability updated using the data. Here, we have observed a match in type A blood,

234. For problematic assumptions of independence in litigation, see, e.g., Branion v. Gramly, 855
F.2d 1256 (7th Cir. 1988); People v. Collins, 438 P.2d 33 (Cal. 1968); D.H. Kaye, The Admissibility of
“Probability Evidence” in Criminal Trials (pts. 1 & 2), 26 Jurimetrics J. 343 (1986), 27 Jurimetrics J. 160
(1987).

235. H, is read “H-sub-zero,” while H, is “H-sub-one.”
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which occurs in about 42% of the population, so P(A|H ) = 0.42.>* Because
the defendant has type A blood, the match probability given that the blood
came from him is P(A|H,) = 1. If the prior probabilities were, say, P(H) =
P(H,) = 0.5, then according to (4), the posterior probability would be

0.42 X 0.5
042x05 + 1x0.5

PH,|A) = =0.30 5)
Conversely, the posterior probability that the blood is from the defendant would
be

P(H,|A) = 1-P(H,|A4) = 0.70 6)

Thus, the data make it more probable that the blood is the defendant’s: the
probability rises from the prior value of P(H,) = 0.50 to the posterior value of
P(H, | A) = 0.70.

A frequentist statistician would be hesitant to quantify the probability of hy-
potheses like H and H . Such a statistician would merely report that if H is
true, then the probability of type A blood is 42%, whereas if H, is true, the
probability is 100%.

More generally, H  could refer to parameters in a statistical model. For ex-
ample, H might specify equal selection rates for a population of male and fe-
male applicants; H, might deny H and assert that the selection rates are not
equal; and A could be the event that a test statistic exceeds 2 in absolute value.
In such situations, the frequentist statistician would compute P(A|H ) and re-
ject H if this probability fell below a figure such as 0.05.

B. Technical Details on the Standard Error, the Normal Curve, and
Significance Levels

This section of the Appendix describes several calculations for the pass rate ex-
ample of section V. In that example, the population consisted of all 5,000 men
and 5,000 women in the applicant pool. Suppose by way of illustration that the
pass rates for these men and women were 60% and 35%, respectively; so the
“population difference” is 60% — 35% = 25 percentage points. We chose 50
men at random from the population, and 50 women. In our sample, the pass
rate for the men was 58% and the pass rate for the women was 38%, so the
sample difference was 58% — 38% = 20 percentage points. Another sample
might have pass rates of 62% and 36%, for a sample difference of 62% — 36% =
26 percentage points. And so forth.

236. Not all statisticians would accept the identification of a population frequency with P(4|H,);
indeed, H has been translated into a hypothesis that the true donor has been randomly selected from
the population, which is a major step needing justification.
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In principle, we can consider the set of all possible samples from the popula-
tion, and make a list of the corresponding differences. This is a long list. Indeed,
the number of distinct samples of 50 men and 50 women that can be formed is
immense—nearly 5 X 10**, or 5 followed by 240 zeros. Our sample difference
was chosen at random from this list. Statistical theory enables us to make some
precise statements about the list, and hence about the chances in the sampling
procedure.

The average of the list—that is, the average of the diftferences over the
5 X 10** possible samples—equals the difference between the pass rates of
all 5,000 men and 5,000 women. In more technical language, the expected
value of the sample diftference equals the population difference. Even more
tersely, the sample difference is an unbiased estimate of the population dif-
ference.

* The standard deviation (SD) of the list—that is, the standard deviation of

the differences over the 5 x 10**° possible samples—is equal to*’

5,000 - 50 p
X

5,000 -1 50 50

men (1 B PITLCH) Pwomen (1 B women)
+ (7)

In expression (7), P stands for the proportion of the 5,000 male applicants
who would pass the exam, and P stands for the corresponding proportion of
women. With the 60% and 35% figures we have postulated, the standard devia-
tion of the sample differences would be 9.6 percentage points:

T

5,000 — 50 60 (1-.60) .35 (1 —.35)
X +

= .096 ®)
5,000 — 1 50 50

Figure 12 shows the histogram for the sample differences.”® The graph is

drawn so the area between two values gives the relative frequency of sample

237. See, e.g., Freedman et al., supra note 16, at 414, 503—-04; Moore & McCabe, supra note 93, at
590-91. The standard error for the sample difference equals the standard deviation of the list of all
possible sample differences, making the connection between standard error and standard deviation. If
we drew two samples at random, the difference between them would be on the order of V2 = 1.4 times
this standard deviation. The standard error can therefore be used to measure reproducibility of sample
data. On the standard deviation, see supra § IIL.E; Freedman et al., supra note 16, at 67-72.

238. The “probability histogram” in Figure 12 shows the “distribution” of the sample differences,
indicating the relative likelihoods of the various ranges of possible values; likelihood is represented by
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differences falling in that range, among all 5 X 10**" possible samples. For in-
stance, take the range from 20 to 30 percentage points. About half the area
under the histogram falls into this range. Therefore, given our assumptions,
there is about a 50% chance that for a sample of 50 men and 50 women chosen
at random, the difference between the pass rates for the sample men and women
will be in the range from 20 to 30 percentage points. The “central limit theo-
rem” establishes that the histogram for the sample differences follows the normal
curve, at least to a good approximation. Figure 12 shows this curve for compari-
son.” The main point is that chances for the sample difference can be approxi-
mated by areas under the normal curve.

Generally, we do not know the pass rates P and P in the population.
We chose 60% and 35% just by way of illustration. Statisticians would use the
pass rates in the sample—58% and 38%—to estimate the pass rates in the popu-
lation. Substituting the sample pass rates into expression (7) yields

5,000 — 50 58 (1-.58) .38 (1—.38)
X +

R = .097 )
5,000 — 1 50 50

That is about 10 percentage points—the standard error reported in section
IV.A.2.20

area. The lower horizontal scale shows “standard units,” that is, deviations from the expected value
relative to the standard error. In our example, the expected value is 25 percentage points and the
standard error is 9.6 percentage points. Thus, 35 percentage points would be expressed as (35 — 25)/9.6
= 1.04 standard units. The vertical scale in the figure shows probability per standard unit. Probability is
measured on a percentage scale, with 100% representing certainty; the maximum shown on the vertical
scale in the figure is 50, i.e., 50% per standard unit. See Freedman et al., supra note 16, at 80, 315.

239. The normal curve is the famous bell-shaped curve of statistics, whose equation is

y= 100%
RE

240. There is little difference between (8) and (9)—the standard error does not depend very strongly

on the pass rates.
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Figure 12. The distribution of the sample difference in pass rates when
P =60%andP__ =35%

men

Normal curve

50 ___ Histogram
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# N
25 |
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Standard Units

To sum up, the histogram for the sample differences follows the normal curve,
centered at the population difference. The spread is given by the standard error.
That is why confidence levels can be based on the standard error, with confidence
levels read off the normal curve: 68% of the area under the curve is between —1
and 1, while 95% 1s between —2 and 2, and 99.7% is between —3 and 3, approxi-
mately.

We turn to p-values.**! Consider the null hypothesis that the men and women
in the population have the same overall pass rates. In that case, the sample difter-
ences are centered at zero, because P —P_ = 0. Since the overall pass rate

in the sample 1s 48%, we use this value to estimate both P and P in
. men women
expression (7):

5,000 — 50 A8 (1—.48) .48 (1— .48)
o x + =.099 (10)
5,000 — 1 50 50

Again, the standard error (SE) is about 10 percentage points. The observed
difference of 20 percentage points is 20/10 = 2.0 SEs. As shown in Figure 13,
differences of that magnitude or larger have about a 5% chance of occurring:

241. See supra § IV.B.1.
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About 5% of the area under the normal curve lies beyond 2. (In Figure 13, this
tail area is shaded.) The p-value is about 5%.%*

Figure 13. p-value for observed difference of 20 percentage points, computed
using the null hypothesis. The chance of getting a sample difference
of 20 points in magnitude (or more) is about equal to the area under
the normal curve beyond +2. That shaded area is about 5%.
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Finally, we calculate power.?® We are making a two-tailed test at the .05
level. Instead of the null hypothesis, we assume an alternative: In the applicant
pool, 55% of the men would pass, and 45% of the women. So there is a differ-
ence of 10 percentage points between the pass rates. The distribution of sample
differences would now be centered at 10 percentage points (see Figure 14).
Again, the sample differences follow the normal curve. The true SE is about 10

242. Technically, the p-value is the chance of getting data as extreme as, or more extreme than, the
data at hand. See supra § IV.B.1. That is the chance of getting a difference of 20 percentage points or
more on the right, together with the chance of getting —20 or less on the left. This chance equals the
area under the histogram to the right of 19, together with the area to the left of —19. (The rectangle
whose area represents the chance of getting a difference of 20 is included, and likewise for the rectangle
above —20.) The area under the histogram may in turn be approximated by the area under the normal
curve beyond £1.9, which is 5.7%. See, e.¢., Freedman et al., supra note 16, at 318. Keeping track of the
edges of the rectangles is called the “continuity correction.” Id. The histogram is computed assuming
pass rates of 48% for the men and the women. Other values could be dealt with in a similar way. See
infra note 245.

243. See supra note 144.
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percentage points by equation (1), and the SE estimated from the sample will be
about the same. On that basis, only sample diftferences larger than 20 percentage
points or smaller than —20 points will be declared significant.*** About 1/6 of
the area under the normal curve in Figure 14 lies in this region.?*® Therefore,
the power of the test against the specified alternative is only about 1/6. In the
figure, it is the shaded area that corresponds to power.

Figures 12, 13, and 14 have the same shape: the central limit theorem is at
work. However, the histograms are centered differently, because the values of
P and P are different in all three figures. Figure 12 is centered at 25
percentage points, reflecting our illustrative values of 60% and 35% for the pass
rates. Figure 13 is centered at zero, because it is drawn according to the require-
ments of the null hypothesis. Figure 14 is centered at 10, because the alternative
hypothesis is used to determine the center, rather than the null hypothesis.

244. The null hypothesis asserts a difference of zero. In Figure 13, 20 percentage points is 2 SEs to
the right of the value expected under the null hypothesis; likewise, =20 is 2 SEs to the left. However,
Figure 14 takes the alternative hypothesis to be true; on that basis, the expected value is 10 instead of
zero, so 20 is 1 SE to the right of the expected value, while —20 is 3 SEs to the left.

245. Let t = sample difterence/SE, where the SE is estimated from the data, as in expression (10).
One formal version of our test rejects the null hypothesis if | f| = 2. To find the power, we replace the
estimated SE by the true SE, computed as in expression (7); and we replace the probability histogram by
the normal curve. These approximations are quite good. The size can be approximated in a similar way,
given a common value for the two population pass rates. Of course, more exact calculations are pos-
sible. See supra note 242.
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Figure 14. Power when P =55%and P__ = 45%. The chance of getting a
significant difference (at the 5% level, two-tailed) is about equal to

the area under the normal curve, to the right of +1 or to the left of
—3. That shaded area is about 1/6. Power is about 1/6, or 17%.
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Glossary of Terms

The following terms and definitions are adapted from a variety of sources, in-
cluding Michael O. Finkelstein & Bruce Levin, Statistics for Lawyers (1990),
and David A. Freedman et al., Statistics (3d ed. 1998).

adjust for. See control for.

alpha (0). A symbol often used to denote the probability of a Type I error. See
Type I error; size. Compare beta.

alternative hypothesis. A statistical hypothesis that is contrasted with the null
hypothesis in a significance test. See statistical hypothesis; significance test.

area sample. An area sample is a probability sample in which the sampling
frame is a list of geographical areas. That is, the researchers make a list of
areas, choose some at random, and interview people in the selected areas.
This is a cost-effective way to draw a sample of people. See probability sample;
sampling frame.

arithmetic mean. See mean.
average. See mean.

Bayes’ rule. An investigator may start with a subjective probability (the “prior”)
that expresses degrees of belief about a parameter or a hypothesis. Data are
collected according to some statistical model, at least in the investigator’s
opinion. Bayes’ rule gives a procedure for combining the prior with the data
to compute the “posterior” probability, which expresses the investigator’s
belief about the parameter or hypothesis given the data. See Appendix.

beta (3). A symbol sometimes used to denote power, and sometimes to denote
the probability of a Type II error. See Type II error; power. Compare alpha.

bias. A systematic tendency for an estimate to be too high or too low. An
estimate is “‘unbiased” if the bias is zero. (Does not mean prejudice, partiality,
or discriminatory intent.) See non-sampling error. Compare sampling error.

bin. A class interval in a histogram. See class interval; histogram.

binary variable. A variable that has only two possible values (e.g., gender).
Also called a “dummy variable.”

binomial distribution. A distribution for the number of occurrences in re-
peated, independent “trials” where the probabilities are fixed. For example,
the number of heads in 100 tosses of a coin follows a binomial distribution.
When the probability is not too close to zero or one and the number of trials
is large, the binomial distribution has about the same shape as the normal
distribution. See normal distribution; Poisson distribution.

blind. See double-blind experiment.
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bootstrap. Also called resampling; Monte Carlo method. A procedure for esti-
mating sampling error by constructing a simulated population on the basis of
the sample, then repeatedly drawing samples from this simulated population.

categorical data; categorical variable. See qualitative variable. Compare
quantitative variable.

central limit theorem. Shows that under suitable conditions, the probability
histogram for a sum (or average or rate) will follow the normal curve.

chance error. See random error; sampling error.

chi-squared (X?). The chi-squared statistic measures the distance between the
data and expected values computed from a statistical model. If X? is too large
to explain by chance, the data contradict the model. The definition of “large”
depends on the context. See statistical hypothesis; significance test.

class interval. Also, bin. The base of a rectangle in a histogram; the area of the
rectangle shows the percentage of observations in the class interval. See his-
togram.

cluster sample. A type of random sample. For example, one might take house-
holds at random, then interview all people in the selected households. This is
a cluster sample of people: a cluster consists of all the people in a selected
household. Generally, clustering reduces the cost of interviewing. See multi-
stage cluster sample.

coefficient of determination. A statistic (more commonly known as R?) that
describes how well a regression equation fits the data. See R-squared.

coefficient of variation. A statistic that measures spread relative to the mean:
SD/mean, or SE/expected value. See expected value; mean; standard devia-
tion; standard error.

collinearity. See multicollinearity.

conditional probability. The probability that one event will occur given that
another has occurred.

confidence coefficient. See confidence interval.

confidence interval. An estimate, expressed as a range, for a quantity in a
population. If an estimate from a large sample is unbiased, a 95% “confidence
interval” is the range from about two standard errors below to two standard
errors above the estimate. Intervals obtained this way cover the true value
about 95% of the time, and 95% is the “confidence level” or the “confidence
coefficient.” See unbiased estimator; standard error. Compare bias.

confidence level. See confidence interval.

confounding. See confounding variable; observational study.
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confounding variable; confounder. A variable that is correlated with the
independent variables and the dependent variable. An association between
the dependent and independent variables in an observational study may not
be causal, but may instead be due to confounding. See controlled experi-
ment; observational study.

consistency; consistent. See consistent estimator.

consistent estimator. An estimator that tends to become more and more
accurate as the sample size grows. Inconsistent estimators, which do not be-
come more accurate as the sample gets large, are seldom used by statisticians.

content validity. The extent to which a skills test is appropriate to its intended
purpose, as evidenced by a set of questions that adequately reflect the domain
being tested.

continuous variable. A variable that has arbitrarily fine gradations, such as a
person’s height. Compare discrete variable.

control for. Statisticians may “control for” the effects of confounding variables
in nonexperimental data by making comparisons for smaller and more ho-
mogeneous groups of subjects, or by entering the confounders as explanatory
variables in a regression model. To “adjust for” is perhaps a better phrase in
the regression context, because in an observational study the confounding
factors are not under experimental control; statistical adjustments are an im-
perfect substitute. See regression model.

control group. See controlled experiment.

controlled experiment. An experiment where the investigators determine
which subjects are put into the “treatment group” and which are put into the
“control group.” Subjects in the treatment group are exposed by the investi-
gators to some influence—the “treatment”; those in the control group are
not so exposed. For instance, in an experiment to evaluate a new drug, sub-
jects in the treatment group are given the drug, subjects in the control group
are given some other therapy; the outcomes in the two groups are compared
to see whether the new drug works.

“Randomization”—that is, randomly assigning subjects to each group—
is usually the best way to assure that any observed difference between the two
groups comes from the treatment rather than pre-existing differences. Of
course, in many situations, a randomized controlled experiment is impracti-
cal, and investigators must then rely on observational studies. Compare ob-
servational study.

convenience sample. A non-random sample of units, also called a “grab
sample.” Such samples are easy to take, but may suffer from serious bias. Mall
samples are convenience samples.
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correlation coefficient. A number between —1 and 1 that indicates the extent
of the linear association between two variables. Often, the correlation
coefficient 1s abbreviated as “r.”

covariance. A quantity that describes the statistical interrelationship of two
variables. Compare correlation coefficient; standard error; variance.

covariate. A variable that is related to other variables of primary interest in a
study; a measured confounder; a statistical control in a regression equation.

criterion. The variable against which an examination or other selection proce-
dure is validated. See predictive validity.

data. Observations or measurements, usually of units in a sample taken from a
larger population.

dependent variable. See independent variable.

descriptive statistics. Like the mean or standard deviation, used to summarize
data.

differential validity. Difterences in the correlation between skills test scores
and outcome measures across different subgroups of test-takers.

discrete variable. A variable that has only a finite number of possible values,
such as the number of automobiles owned by a household. Compare con-
tinuous variable.

distribution. See frequency distribution; probability distribution; sampling dis-
tribution.

disturbance term. A synonym for error term.

double-blind experiment. An experiment with human subjects in which
neither the diagnosticians nor the subjects know who is in the treatment
group or the control group. This is accomplished by giving a placebo treat-
ment to patients in the control group. In a single-blind experiment, the patients
do not know whether they are in treatment or control; however, the diag-
nosticians have this information.

dummy variable. Generally, a dummy variable takes only the values O or 1,
and distinguishes one group of interest from another. See binary variable;
regression model.

econometrics. Statistical study of economic issues.
epidemiology. Statistical study of disease or injury in human populations.

error term. The part of a statistical model that describes random error, i.e., the
impact of chance factors unrelated to variables in the model. In econometric
models, the error term is called a “disturbance term.”

estimator. A sample statistic used to estimate the value of a population param-
eter. For instance, the sample mean commonly is used to estimate the popu-

163



Reference Manual on Scientific Evidence

lation mean. The term “estimator” connotes a statistical procedure, while an
“estimate” connotes a particular numerical result.

expected value. See random variable.

experiment. See controlled experiment; randomized controlled experiment.
Compare observational study.

explanatory variable. See independent variable, regression model.
factors. See independent variable.

Fisher’s exact test. When comparing two sample proportions, for instance the
proportions of whites and blacks getting a promotion, an investigator may
wish to test the null hypothesis that promotion does not depend on race.
Fisher’s exact test is one way to arrive at a p-value. The calculation is based on
the hypergeometric distribution. For more details, see Michael O. Finkelstein
& Bruce Levin, Statistics for Lawyers 156-59 (1990). See hypergeometric
distribution; p-value; significance test; statistical hypothesis.

fitted value. See residual.

fixed significance level. Also alpha; size. A pre-set level, such as 0.05 or 0.01;
if the p-value of a test falls below this level, the result is deemed “statistically
significant.” See significance test. Compare observed significance level; p-
value.

frequency distribution. Shows how often specified values occur in a data set.

Gaussian distribution. A synonym for the normal distribution. See normal
distribution.

general linear model. Expresses the dependent variable as a linear combina-
tion of the independent variables plus an error term whose components may
be dependent and have differing variances. See error term; linear combina-
tion; variance. Compare regression model.

grab sample. See convenience sample.
heteroscedastic. See scatter diagram.

histogram. A plot showing how observed values fall within specified intervals,
called “bins” or “class intervals.” Generally, matters are arranged so the area
under the histogram, but over a class interval, gives the frequency or relative
frequency of data in that interval. With a probability histogram, the area gives
the chance of observing a value that falls in the corresponding interval.

homoscedastic. See scatter diagram.

hypergeometric distribution. Suppose a sample is drawn at random without
replacement, from a finite population. How many times will items of a cer-
tain type come into the sample? The hypergeometric distribution gives the
probabilities. For more details, see 1 William Feller, An Introduction to Prob-
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ability Theory and its Applications 41-42 (2d ed. 1957). Compare Fisher’s
exact test.

hypothesis. See alternative hypothesis; null hypothesis; one-sided hypothesis;
significance test; statistical hypothesis; two-sided hypothesis.

hypothesis test. See significance test.

independence. Events are independent when the probability of one is unaf-
fected by the occurrence or non-occurrence of the other. Compare condi-

tional probability.

independent variable. Independent variables (also called explanatory vari-
ables or factors) are used in a regression model to predict the dependent
variable. For instance, the unemployment rate has been used as the indepen-
dent variable in a model for predicting the crime rate; the unemployment
rate is the independent variable in this model, and the crime rate is the de-
pendent variable. See regression model. Compare dependent variable.

indicator variable. See dummy variable.

interquartile range. Difference between 25th and 75th percentile. See per-
centile.

interval estimate. A “confidence interval,” or an estimate coupled with a
standard error. See confidence interval; standard error. Compare point esti-
mate.

least squares. See least squares estimator; regression model.

least squares estimator. An estimator that is computed by minimizing the
sum of the squared residuals. See residual.

level. The level of a significance test is denoted alpha (01). See alpha; fixed
significance level; observed significance level; p-value; significance test.

linear combination. To obtain a linear combination of two variables, multi-
ply the first variable by some constant, multiply the second variable by an-
other constant, and add the two products. For instance, 2u + 3v is a linear
combination of u and v.

loss function. Statisticians may evaluate estimators according to a mathemati-
cal formula involving the errors, i.e., differences between actual values and
estimated values. The “loss” may be the total of the squared errors, or the
total of the absolute errors, etc. Loss functions seldom quantify real losses, but
may be useful summary statistics and may prompt the construction of useful
statistical procedures. Compare risk.

lurking variable. See confounding variable.

mean. Also, the average; the expected value of a random variable. The mean is
one way to find the center of a batch of numbers: add up the numbers, and
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divide by how many there are. Weights may be employed, as in “weighted
mean” or “weighted average.” See random variable. Compare median; mode.

median. The median is another way to find the center of a batch of numbers.
The median is the 50th percentile. Half the numbers are larger, and half are
smaller. (To be very precise: at least half the numbers are greater than or
equal to the median; at least half the numbers are less than or equal to the
median; for small data sets, the median may not be uniquely defined.) Com-
pare mean; mode; percentile.

meta-analysis. Attempts to combine information from all studies on a certain
topic. For example, in the epidemiologic context, a meta-analysis may at-
tempt to provide a summary odds ratio and confidence interval for the effect
of a certain exposure on a certain disease.

mode. The most commonly observed value. Compare mean; median.
model. See probability model; regression model; statistical model.

multicollinearity. Also, collinearity. The existence of correlations among the
“independent variables” in a regression model. See independent variable;
regression model.

multiple comparison. Making several statistical tests on the same data set.
Multiple comparisons complicate the interpretation of a p-value. For example,
it 20 divisions of a company are examined, and one division is found to have
a disparity “significant” at the 0.05 level, the result is not surprising; indeed,
it should be expected under the null hypothesis. Compare p-value; significance
test; statistical hypothesis.

multiple correlation coefficient. A number that indicates the extent to which
one variable can be predicted as a linear combination of other variables. Its
magnitude is the square root of R% See linear combination; R-squared; re-
gression model. Compare correlation coefficient.

multiple regression. A regression equation that includes two or more inde-
pendent variables. See regression model. Compare simple regression.

multivariate methods. Methods for fitting models with multiple variables,
especially, multiple response variables; occasionally, multiple explanatory vari-
ables. See regression model.

multi-stage cluster sample. A probability sample drawn in stages, usually
after stratification; the last stage will involve drawing a cluster. See cluster
sample; probability sample; stratified random sample.

natural experiment. An observational study in which treatment and control
groups have been formed by some natural development; however, the as-
signment of subjects to groups is judged akin to randomization. See observa-
tional study. Compare controlled experiment.
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nonresponse bias. Systematic error created by differences between respon-
dents and nonrespondents. If the nonresponse rate is high, this bias may be
severe.

non-sampling error. A catch-all term for sources of error in a survey, other
than sampling error. Non-sampling errors cause bias. One example is selec-
tion bias: the sample is drawn in a way that tends to exclude certain sub-
groups in the population. A second example is non-response bias: people
who do not respond to a survey are usually different from respondents. A
final example: response bias arises, for instance, if the interviewer uses a loaded
question.

normal distribution. Also, Gaussian distribution. The density for this distri-
bution is the famous “bell-shaped” curve. Statistical terminology notwith-
standing, there need be nothing wrong with a distribution that differs from
the normal.

null hypothesis. For example, a hypothesis that there is no difference between
two groups from which samples are drawn. See significance test; statistical
hypothesis. Compare alternative hypothesis.

observational study. A study in which subjects select themselves into groups;
investigators then compare the outcomes for the different groups. For ex-
ample, studies of smoking are generally observational. Subjects decide whether
or not to smoke; the investigators compare the death rate for smokers to the
death rate for non-smokers. In an observational study, the groups may differ
in important ways that the investigators do not notice; controlled experi-
ments minimize this problem. The critical distinction is that in a controlled
experiment, the investigators intervene to manipulate the circumstances of
the subjects; in an observational study, the investigators are passive observers.
(Of course, running a good observational study is hard work, and may be
quite useful.) Compare confounding variable; controlled experiment.

observed significance level. A synonym for p-value. See significance test.
Compare fixed significance level.

odds. The probability that an event will occur divided by the probability that it
will not. For example, if the chance of rain tomorrow is 2/3, then the odds
on rain are (2/3)/(1/3) = 2/1, or 2 to 1; the odds against rain are 1 to 2.

odds ratio. A measure of association, often used in epidemiology. For instance,
if 10% of all people exposed to a chemical develop a disease, compared to 5%
of people who are not exposed, then the odds of the disease in the exposed
group are 10/90 = 1/9, compared to 5/95 = 1/19 in the unexposed group.
The odds ratio is 19/9 = 2.1. An odds ratio of 1 indicates no association.
Compare relative risk.
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one-sided hypothesis. Excludes the possibility that a parameter could be, e.g.,
less than the value asserted in the null hypothesis. A one-sided hypothesis
leads to a one-tailed test. See significance test; statistical hypothesis; compare
two-sided hypothesis.

one-tailed test. See significance test.

outlier. An observation that is far removed from the bulk of the data. Outliers
may indicate faulty measurements and they may exert undue influence on
summary statistics, such as the mean or the correlation coefficient.

p-value. The output of a statistical test. The probability of getting, just by
chance, a test statistic as large as or larger than the observed value. Large p-
values are consistent with the null hypothesis; small p-values undermine this
hypothesis. However, p itself does not give the probability that the null hy-
pothesis is true. If p is smaller than 5%, the result is said to be “statistically
significant.” If p is smaller than 1%, the result is “highly significant.” The p-
value is also called “the observed significance level.” See significance test;
statistical hypothess.

parameter. A numerical characteristic of a population or a model. See prob-

ability model.

percentile. To get the percentiles of a data set, array the data from the smallest
value to the largest. Take the 90th percentile by way of example: 90% of the
values fall below the 90th percentile, and 10% are above. (To be very precise:
at least 90% of the data are at the 90th percentile or below; at least 10% of the
data are at the 90th percentile or above.) The 50th percentile is the median:
50% of the values fall below the median, and 50% are above. When the
LSAT first was scored on a 10-50 scale in 1982, a score of 32 placed a test
taker at the 50th percentile; a score of 40 was at the 90th percentile (approxi-
mately). Compare mean; median; quartile.

placebo. See double-blind experiment.
point estimate. An estimate of the value of a quantity expressed as a single
number. See estimator. Compare confidence interval; interval estimate.

Poisson distribution. The Poisson distribution is a limiting case of the bino-
mial distribution, when the number of trials is large and the common prob-
ability is small. The “parameter” of the approximating Poisson distribution is
the number of “trials” times the common probability, which is the “ex-
pected” number of events. When this number is large, the Poisson distribu-
tion may be approximated by a normal distribution.

population. Also, universe. All the units of interest to the researcher. Com-
pare sample; sampling frame.

posterior probability. See Bayes’ rule.
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power. The probability that a statistical test will reject the null hypothesis. To
compute power, one has to fix the size of the test and specify parameter
values outside the range given in the null hypothesis. A powerful test has a
good chance of detecting an eftect, when there is an effect to be detected. See
beta; significance test. Compare alpha; size; p-value.

practical significance. Substantive importance. Statistical significance does
not necessarily establish practical significance. With large samples, small dif-
ferences can be statistically significant. See significance test.

predicted value. See residual.

predictive validity. A skills test has predictive validity to the extent that test
scores are well correlated with later performance, or more generally with
outcomes that the test is intended to predict.

prior probability. See Bayes’ rule.

probability. Chance, on a scale from 0 to 1. Impossibility is represented by 0,
certainty by 1. Equivalently, chances may be quoted in percent; 100% corre-
sponds to 1, while 5% corresponds to .05, and so forth.

probability density. Describes the probability distribution of a random vari-
able. The chance that the random variable falls in an interval equals the area
below the density and above the interval. (However, not all random variables
have densities.) See probability distribution; random variable.

probability distribution. Gives probabilities for possible values or ranges of
values of a random variable. Often, the distribution is described in terms of a

density. See probability density.
probability histogram. See histogram.

probability model. Relates probabilities of outcomes to parameters; also, sta-
tistical model. The latter connotes unknown parameters.

probability sample. A sample drawn from a sampling frame by some objec-
tive chance mechanism; each unit has a known probability of being sampled.
Such samples minimize selection bias, but can be expensive to draw.

psychometrics. The study of psychological measurement and testing.

qualitative variable; quantitative variable. A “qualitative” or “categorical”
variable describes qualitative features of subjects in a study (e.g., marital sta-
tus—never-married, married, widowed, divorced, separated). A “quantita-
tive” variable describes numerical features of the subjects (e.g., height, weight,
income). This is not a hard-and-fast distinction, because qualitative features
may be given numerical codes, as in a “dummy variable.” Quantitative vari-
ables may be classified as “discrete” or “continuous.” Concepts like the mean
and the standard deviation apply only to quantitative variables. Compare con-
tinuous variable; discrete variable; dummy variable. See variable.
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quartile. The 25th or 75th percentile. See percentile. Compare median.

R-squared (R?). Measures how well a regression equation fits the data. R?
varies between zero (no fit) and one (perfect fit). R* does not measure the
validity of underlying assumptions. See regression model. Compare multiple
correlation coefficient; standard error of regression.

random error. Sources of error that are haphazard in their effect. These are
reflected in the “error term” of a statistical model. Some authors refer to
“random error” as “chance error” or “sampling error.” See regression model.

random variable. A variable whose possible values occur according to some
probability mechanism. For example, if a pair of dice are thrown, the total
number of spots is a random variable. The chance of two spots is 1/36, the
chance of three spots is 2/36, and so forth; the most likely number is 7, with
chance 6/36.
The “expected value” of a random variable is the weighted average of the
possible values; the weights are the probabilities. In our example, the ex-
pected value is

1 2 3 4 S 6

36 X2 T36 X3t 36%X4+ 36X+ 35 X0 +35%X7
EX 4 3 2 1 -
+2x8+ Axor a0+ Lxnn=y

In many problems, the weighted average is computed with respect to the
density; then sums must be replaced by integrals. The expected value need
not be a possible value for the random variable.

Generally, a random variable will be somewhere around its expected value,
but will be off (in either direction) by something like a standard error (SE) or
so. If the random variable has a more or less normal distribution, there is
about a 68% chance for it to fall in the range “expected value — SE” to
“expected value + SE.” See normal curve; standard error.

randomization. See controlled experiment; randomized controlled experi-

ment.

randomized controlled experiment. A controlled experiment in which sub-
jects are placed into the treatment and control groups at random—as if by lot,
that is, by randomization. See controlled experiment. Compare observational
study.

range. The difference between the biggest and the smallest values in a batch of
numbers.

regression coefficient. A constant in a regression equation. See regression
model.
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regression diagnostics. Procedures intended to check whether the assump-
tions of a regression model are appropriate.

regression equation. See regression model.
regression line. The graph of a (simple) regression equation.

regression model. A “regression model” attempts to combine the values of
certain variables (the “independent” or “explanatory” variables) in order to
get expected values for another variable (the “dependent” variable). Some-
times, “regression model” refers to a probability model for the data; if no
qualifications are made, the model will generally be linear, and errors will be
assumed independent across observations, with common variance; the
coefficients in the linear combination are called “regression coefticients”;
these are parameters. At times, “regression model” refers to an equation (the
“regression equation”) estimated from data, typically by least squares.

For example, in a regression study of salary differences between men and
women in a firm, the analyst may include a “dummy variable” for gender, as
well as “statistical controls” like education and experience to adjust for pro-
ductivity differences between men and women. The dummy variable would
be defined as 1 for the men, O for the women. Salary would be the dependent
variable; education, experience, and the dummy would be the independent
variables. See least squares; multiple regression; random error; variance. Com-
pare general linear model.

relative risk. A measure of association used in epidemiology. For instance, if
10% of all people exposed to a chemical develop a disease, compared to 5% of
people who are not exposed, then the disease occurs twice as frequently
among the exposed people: the relative risk is 10%/5% = 2. A relative risk of
1 indicates no association. For more details, see Abraham M. Lilienfeld &
David E. Lilienfeld, Foundations of Epidemiology 209 (2d ed. 1980). Com-
pare odds ratio.

reliability. The extent to which a measuring instrument gives the same results
on repeated measurement of the same thing. Compare validity.

resampling. See bootstrap.

residual. The difference between an actual and a “predicted” value. The pre-
dicted value comes typically from a regression equation, and is also called the
“fitted value.” See regression model; independent variable.

response variable. See independent variable.

risk. Expected loss. “Expected” means on average, over the various data sets
that could be generated by the statistical model under examination. Usually,
risk cannot be computed exactly but has to be estimated, because the param-
eters in the statistical model are unknown and must be estimated. See loss
function; random variable.
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robust. A statistic or procedure that does not change much when data or as-
sumptions are modified slightly.

sample. A set of units collected for study. Compare population.
sample size. The number of units in a sample.

sampling distribution. The distribution of the values of a statistic, over all
possible samples from a population. For example, suppose a random sample is
drawn. Some values of the sample mean are more likely, others are less likely.
The “sampling distribution” specifies the chance that the sample mean will
fall in one interval rather than another.

sampling error. A sample is part of a population. When a sample is used to
estimate a numerical characteristic of the population, the estimate is likely to
differ from the population value because the sample is not a perfect micro-
cosm of the whole. If the estimate is unbiased, the difference between the
estimate and the exact value is “sampling error.” More generally,

estimate = true value + bias + sampling error.

Sampling error is also called “chance error” or “random error.” See stan-
dard error. Compare bias; non-sampling error.

sampling frame. A list of units designed to represent the entire population as
completely as possible. The sample is drawn from the frame.

scatter diagram. Also, scatterplot; scatter diagram. A graph showing the rela-
tionship between two variables in a study. Each dot represents one subject.
One variable is plotted along the horizontal axis, the other variable is plotted
along the vertical axis. A scatter diagram is “homoscedastic” when the spread
is more or less the same inside any vertical strip. If the spread changes from
one strip to another, the diagram is “heteroscedastic.”

selection bias. Systematic error due to non-random selection of subjects for
study.

sensitivity. In clinical medicine, the probability that a test for a disease will give
a positive result given that the patient has the disease. Sensitivity is analogous
to the power of a statistical test. Compare specificity.

sensitivity analysis. Analyzing data in different ways to see how results de-
pend on methods or assumptions.
significance level. See fixed significance level; p-value.

significance test. Also, statistical test; hypothesis test; test of significance. A
significance test involves formulating a statistical hypothesis and a test statis-
tic, computing a p-value, and comparing p to some pre-established value
(“alpha”) to decide if the test statistic is “‘significant.” The idea is to see whether
the data conform to the predictions of the null hypothesis. Generally, a large
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test statistic goes with a small p-value; and small p-values would undermine
the null hypothesis.

For instance, suppose that a random sample of male and female employees
were given a skills test and the mean scores of the men and women were
different—in the sample. To judge whether the difterence is due to sampling
error, a statistician might consider the implications of competing hypotheses
about the difference in the population. The “null hypothesis” would say that
on average, in the population, men and women have the same scores: the
difference observed in the data is then just due to sampling error. A “one-
sided alternative hypothesis” would be that on average, in the population,
men score higher than women. The “one-tailed” test would reject the null
hypothesis if the sample men score substantially higher than the women—so
much so that the difference is hard to explain on the basis of sampling error.

In contrast, the null hypothesis could be tested against the “two-sided
alternative” that on average, in the population, men score differently than
women—higher or lower. The corresponding “two-tailed” test would reject
the null hypothesis if the sample men score substantially higher or substan-
tially lower than the women.

The one-tailed and two-tailed tests would both be based on the same data,
and use the same t-statistic. However, if the men in the sample score higher
than the women, the one-tailed test would give a p-value only half as large as
the two-tailed test, that is, the one-tailed test would appear to give stronger
evidence against the null hypothesis. See p-value; statistical hypothesis; -
statistic.

significant. See p-value; practical significance; significance test.

simple random sample. A random sample in which each unit in the sampling
frame has the same chance of being sampled. One takes a unit at random (as
if by lottery), sets it aside, takes another at random from what is left, and so

forth.

simple regression. A regression equation that includes only one independent
variable. Compare multiple regression.

size. A synonym for alpha (O).

specificity. In clinical medicine, the probability that a test for a disease will give
a negative result given that the patient does not have the disease. Specificity is
analogous to 1 — O, where O is the significance level of a statistical test. Com-
pare sensitivity.

spurious correlation. When two variables are correlated, one is not necessar-
ily the cause of the other. The vocabulary and shoe size of children in el-
ementary school, for instance, are correlated—but learning more words will
not make the feet grow. Such non-causal correlations are said to be “spuri-
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ous.” (Originally, the term seems to have been applied to the correlation
between two rates with the same denominator: even if the numerators are
unrelated, the common denominator will create some association.) Compare
confounding variable.

standard deviation (SD). The SD indicates how far a typical element deviates
from the average. For instance, in round numbers, the average height of
women age 18 and over in the United States is 5 feet 4 inches. However, few
women are exactly average; most will deviate from average, at least by a little.
The SD is sort of an average deviation from average. For the height distribu-
tion, the SD is 3 inches. The height of a typical woman is around 5 feet 4
inches, but is off that average value by something like 3 inches.

For distributions that follow the normal curve, about 68% of the elements
are in the range “mean — SD” to “mean + SD.” Thus, about 68% of women
have heights in the range 5 feet 1 inch to 5 feet 7 inches. Deviations from the
average that exceed three or four SDs are extremely unusual. Many authors
use “‘standard deviation” to also mean standard error. See standard error.

standard error (SE). Indicates the likely size of the sampling error in an esti-
mate. Many authors use the term “standard deviation” instead of standard
error. Compare expected value; standard deviation.

standard error of regression. Indicates how actual values differ (in some
average sense) from the fitted values in a regression model. See regression
model; residual. Compare R-squared.

standardization. See standardized variable.

standardized variable. Transformed to have mean zero and variance one.
This involves two steps: (1) subtract the mean, (2) divide by the standard
deviation.

statistic. A number that summarizes data. A “statistic” refers to a sample; a
“parameter” or a “true value” refers to a population or a probability model.

statistical controls. Procedures that try to filter out the effects of confounding
variables on non-experimental data, for instance, by “adjusting” through sta-
tistical procedures (like multiple regression). Variables in a multiple regres-
sion equation. See multiple regression; confounding variable; observational
study. Compare controlled experiment.

statistical hypothesis. Data may be governed by a probability model; “param-
eters” are numerical characteristics describing features of the model. Gener-
ally, a “statistical hypothesis” is a statement about the parameters in a prob-
ability model. The “null hypothesis” may assert that certain parameters have
specified values or fall in specified ranges; the alternative hypothesis would
specify other values or ranges. The null hypothesis is “tested”” against the data
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with a “test statistic”’; the null hypothesis may be “rejected” if there is a
“statistically significant” difference between the data and the predictions of
the null hypothesis.

Typically, the investigator seeks to demonstrate the alternative hypothesis;
the null hypothesis would explain the findings as a result of mere chance, and
the investigator uses a significance test to rule out this explanation. See
significance test.

statistical model. See probability model.
statistical test. See significance test.
statistical significance. See p-value.

stratified random sample. A type of probability sample. One divides the
population up into relatively homogeneous groups called “strata,” and draws
a random sample separately from each stratum.

systematic sampling. The elements of the population are numbered con-
secutively as 1, 2, 3 . . . . Then, every kth element is chosen. If k = 10, for
instance, the sample would consist of items 1, 11, 21 . . . . Sometimes the
starting point is chosen at random from 1 to k.

t-statistic. A test statistic, used to make the “t-test.” The t-statistic indicates
how far away an estimate is from its expected value, relative to the standard
error. The expected value is computed using the null hypothesis that is being
tested. Some authors refer to the f-statistic, others to the “z-statistic,” espe-
cially when the sample is large. In such cases, a f-statistic larger than 2 or 3 in
absolute value makes the null hypothesis rather unlikely—the estimate is too
many standard errors away from its expected value. See statistical hypothesis;
significance test; f-test.

t-test. A statistical test based on the f-statistic. Large f-statistics are beyond the
usual range of sampling error. For example, if t is bigger than 2, or smaller
than —2, then the estimate is “statistically significant” at the 5% level: such
values of f are hard to explain on the basis of sampling error. The scale for t-
statistics 1s tied to areas under the normal curve. For instance, a t-statistic of
1.5 is not very striking, because 13% = 13/100 of the area under the normal
curve is outside the range from —1.5 to 1.5. On the other hand, r = 3 is
remarkable: only 3/1,000 of the area lies outside the range from —3 to 3. This
discussion is predicated on having a reasonably large sample; in that context,
many authors refer to the “z-test” rather than the r-test.

For small samples drawn at random from a population known to be
normal, the f-statistic follows “Student’s t-distribution” (when the null hy-
pothesis holds) rather than the normal curve; larger values of f are required to
achieve “significance.” A t-test is not appropriate for small samples drawn
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from a population that is not normal. See p-value; significance test; statistical
hypothesis.

test statistic. A statistic used to judge whether data conform to the null hy-
pothesis. The parameters of a probability model determine expected values
for the data; differences between expected values and observed values are
measured by a “test statistic.” Such test statistics include the chi-squared sta-
tistic (X?) and the t-statistic. Generally, small values of the test statistic are
consistent with the null hypothesis; large values lead to rejection. See p-value;
statistical hypothesis; -statistic.

time series. A series of data collected over time, for instance, the Gross Na-
tional Product of the United States from 1940 to 1990.

treatment group. See controlled experiment.

two-sided hypothesis. An alternative hypothesis asserting that the values of a
parameter are different from—either greater than or less than—the value as-
serted in the null hypothesis. A two-sided alternative hypothesis suggests a
two-tailed test. See statistical hypothesis; significance test. Compare one-sided
hypothesis.

two-tailed test. See significance test.

Type I error. A statistical test makes a “Type I error” when (1) the null hy-
pothesis is true and (2) the test rejects the null hypothesis, i.e., there is a false
positive. For instance, a study of two groups may show some difference be-
tween samples from each group, even when there is no difference in the
population. When a statistical test deems the difference to be “significant” in
this situation, it makes a Type I error. See significance test; statistical hypoth-
esis. Compare alpha; Type II error.

Type II error. A statistical test makes a “Type II error” when (1) the null
hypothesis is false and (2) the test fails to reject the null hypothesis, i.e., there
is a false negative. For instance, there may not be a “significant” difference
between samples from two groups when, in fact, the groups are different. See
significance test; statistical hypothesis. Compare beta; Type I error.

unbiased estimator. An estimator that is correct on average, over the possible
data sets. The estimates have no systematic tendency to be high orlow. Com-
pare bias.

uniform distribution. For example, a whole number picked at random from
1 to 100 has the uniform distribution: all values are equally likely. Similarly, a
uniform distribution is obtained by picking a real number at random between
0.75 and 3.25: the chance of landing in an interval is proportional to the
length of the interval.
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validity. The extent to which an instrument measures what it is supposed to,
rather than something else. The validity of a standardized test is often indi-
cated (in part) by the correlation coefticient between the test scores and some
outcome measure.

variable. A property of units in a study, which varies from one unit to another.
For example, in a study of households, household income; in a study of people,
employment status (employed, unemployed, not in labor force).

variance. The square of the standard deviation. Compare standard error; cova-
riance.

z-statistic. See f-statistic.

z-test. See t-test.
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I. Introduction

Multiple regression analysis is a statistical tool for understanding the relationship
between two or more variables.! Multiple regression involves a variable to be
explained—called the dependent variable—and additional explanatory variables
that are thought to produce or be associated with changes in the dependent
variable.” For example, a multiple regression analysis might estimate the effect of
the number of years of work on salary. Salary would be the dependent variable
to be explained; years of experience would be the explanatory variable.

Multiple regression analysis is sometimes well suited to the analysis of data
about competing theories in which there are several possible explanations for
the relationship among a number of explanatory variables.” Multiple regression
typically uses a single dependent variable and several explanatory variables to
assess the statistical data pertinent to these theories. In a case alleging sex dis-
crimination in salaries, for example, a multiple regression analysis would exam-
ine not only sex, but also other explanatory variables of interest, such as educa-
tion and experience.’ The employer—defendant might use multiple regression to
argue that salary is a function of the employee’s education and experience, and
the employee—plaintift might argue that salary is also a function of the individual’s
Sex.

Multiple regression also may be useful (1) in determining whether a particu-
lar effect is present; (2) in measuring the magnitude of a particular eftect; and (3)
in forecasting what a particular effect would be, but for an intervening event. In
a patent infringement case, for example, a multiple regression analysis could be

1. A variable is anything that can take on two or more values (for example, the daily temperature in
Chicago or the salaries of workers at a factory).

2. Explanatory variables in the context of a statistical study are also called independent variables. See
David H. Kaye & David A. Freedman, Reference Guide on Statistics, § II.A.1, in this manual. That
guide also offers a brief discussion of multiple regression analysis. Id. § V.

3. Multiple regression is one type of statistical analysis involving several variables. Other types
include matching analysis, stratification, analysis of variance, probit analysis, logit analysis, discriminant
analysis, and factor analysis.

4. Thus, in Ottaviani v. State University of New York, 875 F.2d 365, 367 (2d Cir. 1989) (citations
omitted), cert. denied, 493 U.S. 1021 (1990), the court stated:

In disparate treatment cases involving claims of gender discrimination, plaintiffs typically use multiple regres-
sion analysis to isolate the influence of gender on employment decisions relating to a particular job or job
benefit, such as salary.

The first step in such a regression analysis is to specify all of the possible “legitimate” (i.e., nondiscrimina-
tory) factors that are likely to significantly affect the dependent variable and which could account for dispari-
ties in the treatment of male and female employees. By identifying those legitimate criteria that affect the
decision-making process, individual plaintiffs can make predictions about what job or job benefits similarly
situated employees should ideally receive, and then can measure the difference between the predicted treat-
ment and the actual treatment of those employees. If there is a disparity between the predicted and actual
outcomes for female employees, plaintiffs in a disparate treatment case can argue that the net “residual”
difference represents the unlawful effect of discriminatory animus on the allocation of jobs or job benefits.
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used to determine (1) whether the behavior of the alleged infringer affected the
price of the patented product; (2) the size of the eftect; and (3) what the price of
the product would have been had the alleged infringement not occurred.
Over the past several decades the use of multiple regression analysis in court
has grown widely. Although regression analysis has been used most frequently
in cases of sex and race discrimination® and antitrust violation,® other applica-
tions include census undercounts,” voting rights,® the study of the deterrent

5. Discrimination cases using multiple regression analysis are legion. See, e.g., Bazemore v. Friday,
478 U.S. 385 (1986), on remand, 848 F.2d 476 (4th Cir. 1988); King v. General Elec. Co., 960 F.2d 617
(7th Cir. 1992); Diehl v. Xerox Corp., 933 F. Supp. 1157 (W.D.N.Y. 1996) (age and sex discrimina-
tion); Csicseri v. Bowsher, 862 F. Supp. 547 (D.D.C. 1994) (age discrimination), aff’d, 67 F.3d 972
(D.C. Cir. 1995); Tennes v. Massachusetts Dep’t of Revenue, No. 88-C3304, 1989 WL 157477 (N.D.
I1l. Dec. 20, 1989) (age discrimination); EEOC v. General Tel. Co. of N.W., 885 F.2d 575 (9th Cir.
1989), cert. denied, 498 U.S. 950 (1990); Churchill v. IBM, Inc., 759 F. Supp. 1089 (D.N.J. 1991);
Denny v. Westfield State College, 880 F.2d 1465 (Ist Cir. 1989) (sex discrimination); Black Law
Enforcement Officers Ass'n v. City of Akron, 920 F.2d 932 (6th Cir. 1990); Bridgeport Guardians, Inc.
v. City of Bridgeport, 735 F. Supp. 1126 (D. Conn. 1990), aff’d, 933 F.2d 1140 (2d Cir.), cert. denied,
502 U.S. 924 (1991); Dicker v. Allstate Life Ins. Co., No. 89-C-4982, 1993 WL 62385 (N.D. Ill. Mar.
5, 1993) (race discrimination). See also Keith N. Hylton & Vincent D. Rougeau, Lending Discrimination.:
Economic Theory, Econometric Evidence, and the Community Reinvestment Act, 85 Geo. L.J. 237, 238 (1996)
(“regression analysis is probably the best empirical tool for uncovering discrimination”).

6. E.g., United States v. Brown Univ., 805 F. Supp. 288 (E.D. Pa. 1992) (price-fixing of college
scholarships), rev’d, 5 F.3d 658 (3d Cir. 1993); Petruzzi IGA Supermarkets, Inc. v. Darling-Delaware
Co., 998 F.2d 1224 (3d Cir.), cert. denied, 510 U.S. 994 (1993); Ohio v. Louis Trauth Dairy, Inc., 925
F. Supp. 1247 (S.D. Ohio 1996); In re Chicken Antitrust Litig., 560 F. Supp. 963, 993 (N.D. Ga. 1980);
New York v. Kraft Gen. Foods, Inc., 926 F. Supp. 321 (S.D.N.Y. 1995). See also Jerry Hausman et al.,
Competitive Analysis with Differenciated Products, 34 Annales D’Economie et de Statistique 159 (1994);
Gregory J. Werden, Simulating the Effects of Differentiated Products Meigers: A Practical Alternative to Struc-
tural Merger Policy, 5 Geo. Mason L. Rev. 363 (1997).

7. See, e.g., City of New York v. United States Dep’t of Commerce, 822 F. Supp. 906 (E.D.N.Y.
1993) (decision of Secretary of Commerce not to adjust the 1990 census was not arbitrary and capri-
cious), vacated, 34 F.3d 1114 (2d Cir. 1994) (applying heightened scrutiny), rev’d sub nom. Wisconsin v.
City of New York, 517 U.S. 565 (1996); Cuomo v. Baldrige, 674 F. Supp. 1089 (S.D.N.Y. 1987);
Carey v. Klutznick, 508 F. Supp. 420, 432-33 (S.D.N.Y. 1980) (use of reasonable and scientifically
valid statistical survey or sampling procedures to adjust census figures for the differential undercount is
constitutionally permissible), stay granted, 449 U.S. 1068 (1980), rev’d on other grounds, 653 F.2d 732 (2d
Cir. 1981), cert. denied, 455 U.S. 999 (1982); Young v. Klutznick, 497 F. Supp. 1318, 1331 (E.D. Mich.
1980), rev’d on other grounds, 652 F.2d 617 (6th Cir. 1981), cert. denied, 455 U.S. 939 (1982).

8. Multiple regression analysis was used in suits charging that at-large area-wide voting was insti-
tuted to neutralize black voting strength, in violation of section 2 of the Voting Rights Act, 42 U.S.C.
§ 1973 (1988). Multiple regression demonstrated that the race of the candidates and that of the elector-
ate were determinants of voting. See, e.g., Williams v. Brown, 446 U.S. 236 (1980); Bolden v. City of
Mobile, 423 F. Supp. 384, 388 (S.D. Ala. 1976), affd, 571 F.2d 238 (5th Cir. 1978), stay denied, 436
U.S. 902 (1978), rev’d, 446 U.S. 55 (1980); Jeffers v. Clinton, 730 F. Supp. 196, 208-09 (E.D. Ark.
1989), aff’d, 498 U.S. 1019 (1991); League of United Latin Am. Citizens, Council No. 4434 v. Clements,
986 F.2d 728, 774-87 (5th Cir.), reh’g en banc, 999 F.2d 831 (5th Cir. 1993), cert. denied, 498 U.S. 1060
(1994). For commentary on statistical issues in voting rights cases, see, e.g., Symposium, Statistical and
Demographic Issues Underlying Voting Rights Cases, 15 Evaluation Rev. 659 (1991); Stephen P. Klein et
al., Ecological Regression versus the Secret Ballot, 31 Jurimetrics J. 393 (1991); James W. Loewen & Bernard
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effect of the death penalty,” rate regulation,'” and intellectual property."

Multiple regression analysis can be a source of valuable scientific testimony in
litigation. However, when inappropriately used, regression analysis can confuse
important issues while having little, if any, probative value. In EEOC v. Sears,
Roebuck & Co.,"? in which Sears was charged with discrimination against women
in hiring practices, the Seventh Circuit acknowledged that “[m]ultiple regres-
sion analyses, designed to determine the effect of several independent variables
on a dependent variable, which in this case is hiring, are an accepted and com-
mon method of proving disparate treatment claims.”"® However, the court
affirmed the district court’s findings that the “E.E.O.C’s regression analyses did
not ‘accurately reflect Sears’ complex, nondiscriminatory decision-making pro-
cesses”” and that the ““E.E.O.C.’s statistical analyses [were]| so flawed that they
lack[ed] any persuasive value.””"* Serious questions also have been raised about
the use of multiple regression analysis in census undercount cases and in death
penalty cases.'

Moreover, in interpreting the results of a multiple regression analysis, it is
important to distinguish between correlation and causality. Two variables are
correlated when the events associated with the variables occur more frequently

Grofman, Recent Developments in Methods Used in Vote Dilution Litigation, 21 Urb. Law. 589 (1989);
Arthur Lupia & Kenneth McCue, Why the 1980s Measures of Racially Polarized Voting Are Inadequate for
the 1990s, 12 Law & Pol’y 353 (1990).

9. See, e.g., Gregg v. Georgia, 428 U.S. 153, 184-86 (1976). For critiques of the validity of the
deterrence analysis, see National Research Council, Deterrence and Incapacitation: Estimating the
Effects of Criminal Sanctions on Crime Rates (Alfred Blumstein et al. eds., 1978); Edward Leamer,
Let’s Take the Con Out of Econometrics, 73 Am. Econ. Rev. 31 (1983); Richard O. Lempert, Desert and
Deterrence: An Assessment of the Moral Bases of the Case for Capital Punishment, 79 Mich. L. Rev. 1177
(1981); Hans Zeisel, The Deterrent Effect of the Death Penalty: Facts v. Faith, 1976 Sup. Ct. Rev. 317.

10. See, e.g., Time Warner Entertainment Co. v. FCC, 56 F.3d 151 (D.C. Cir. 1995) (challenge to
FCC’s application of multiple regression analysis to set cable rates), cert. denied, 516 U.S. 1112 (1996).

11. See Polaroid Corp. v. Eastman Kodak Co., No. 76-1634-MA, 1990 WL 324105, at *29, *62—
*63 (D. Mass. Oct. 12, 1990) (damages awarded because of patent infringement), amended by No. 76-
1634-MA, 1991 WL 4087 (D. Mass. Jan. 11, 1991); Estate of Vane v. The Fair, Inc., 849 F.2d 186, 188
(5th Cir. 1988) (lost profits were due to copyright infringement), cert. denied, 488 U.S. 1008 (1989).
The use of multiple regression analysis to estimate damages has been contemplated in a wide variety of’
contexts. See, e.g., David Baldus et al., Improving Judicial Oversight of Jury Damages Assessments: A Proposal
for the Comparative Additur/Remittitur Review of Awards_for Nonpecuniary Harms and Punitive Damages, 80
Iowa L. Rev. 1109 (1995); Talcott J. Franklin, Calculating Damages for Loss of Parental Nurture Through
Multiple Regression Analysis, 52 Wash. & Lee L. Rev. 271 (1997); Roger D. Blair & Amanda Kay
Esquibel, Yardstick Damages in Lost Profit Cases: An Econometric Approach, 72 Denv. U. L. Rev. 113
(1994).

12. 839 F.2d 302 (7th Cir. 1988).

13. Id. at 324 n.22.

14. Id. at 348, 351 (quoting EEOC v. Sears, Roebuck & Co., 628 F. Supp. 1264, 1342, 1352
(N.D. I1l. 1986)). The district court commented specifically on the “severe limits of regression analysis
in evaluating complex decision-making processes.” 628 F. Supp. at 1350.

15. See David H. Kaye & David A. Freedman, Reference Guide on Statistics, § II.A.e, B.1, in this

manual.
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together than one would expect by chance. For example, if higher salaries are
associated with a greater number of years of work experience, and lower salaries
are associated with fewer years of experience, there is a positive correlation
between salary and number of years of work experience. However, if higher
salaries are associated with less experience, and lower salaries are associated with
more experience, there is a negative correlation between the two variables.

A correlation between two variables does not imply that one event causes the
second. Therefore, in making causal inferences, it is important to avoid spurious
correlation.'® Spurious correlation arises when two variables are closely related
but bear no causal relationship because they are both caused by a third,
unexamined variable. For example, there might be a negative correlation be-
tween the age of certain skilled employees of a computer company and their
salaries. One should not conclude from this correlation that the employer has
necessarily discriminated against the employees on the basis of their age. A third,
unexamined variable, such as the level of the employees’ technological skills,
could explain differences in productivity and, consequently, differences in sal-
ary." Or, consider a patent infringement case in which increased sales of an
allegedly infringing product are associated with a lower price of the patented
product. This correlation would be spurious if the two products have their own
noncompetitive market niches and the lower price is due to a decline in the
production costs of the patented product.

Pointing to the possibility of a spurious correlation should not be enough to
dispose of a statistical argument, however. It may be appropriate to give little
weight to such an argument absent a showing that the alleged spurious correla-
tion is either qualitatively or quantitatively substantial. For example, a statistical
showing of a relationship between technological skills and worker productivity
might be required in the age discrimination example above.'

Causality cannot be inferred by data analysis alone; rather, one must infer that
a causal relationship exists on the basis of an underlying causal theory that ex-
plains the relationship between the two variables. Even when an appropriate

16. See David H. Kaye & David A. Freedman, Reference Guide on Statistics, § V.B.3, in this
manual.

17. See, e.g., Sheehan v. Daily Racing Form Inc., 104 F.3d 940, 942 (7th Cir.) (rejecting plaintift’s
age discrimination claim because statistical study showing correlation between age and retention ig-
nored the “more than remote possibility that age was correlated with a legitimate job-related
qualification”), cert. denied, 521 U.S. 1104 (1997).

18. See, e.g., Allen v. Seidman, 881 F.2d 375 (7th Cir. 1989) (Judicial skepticism was raised when
the defendant did not submit a logistic regression incorporating an omitted variable—the possession of’
a higher degree or special education; defendant’s attack on statistical comparisons must also include an
analysis that demonstrates that comparisons are flawed.). The appropriate requirements for the defendant’s
showing of spurious correlation could, in general, depend on the discovery process. See, e.g., Boykin v.
Georgia Pac. Co., 706 F.2d 1384 (1983) (criticism of a plaintiff’s analysis for not including omitted

factors, when plaintiff considered all information on an application form, was inadequate).
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theory has been identified, causality can never be inferred directly. One must
also look for empirical evidence that there is a causal relationship. Conversely,
the fact that two variables are correlated does not guarantee the existence of a
relationship; it could be that the model—a characterization of the underlying
causal theory—does not reflect the correct interplay among the explanatory
variables. In fact, the absence of correlation does not guarantee that a causal
relationship does not exist. Lack of correlation could occur if (1) there are
insufficient data; (2) the data are measured inaccurately; (3) the data do not
allow multiple causal relationships to be sorted out; or (4) the model is specified
wrongly because of the omission of a variable or variables that are related to the
variable of interest.

There is a tension between any attempt to reach conclusions with near cer-
tainty and the inherently probabilistic nature of multiple regression analysis. In
general, statistical analysis involves the formal expression of uncertainty in terms
of probabilities. The reality that statistical analysis generates probabilities that
there are relationships should not be seen in itself as an argument against the use
of statistical evidence. The only alternative might be to use less reliable anec-
dotal evidence.

This reference guide addresses a number of procedural and methodological
issues that are relevant in considering the admissibility of, and weight to be
accorded to, the findings of multiple regression analyses. It also suggests some
standards of reporting and analysis that an expert presenting multiple regression
analyses might be expected to meet. Section II discusses research design—how
the multiple regression framework can be used to sort out alternative theories
about a case. Section III concentrates on the interpretation of the multiple re-
gression results, from both a statistical and practical point of view. Section IV
briefly discusses the qualifications of experts. Section V emphasizes procedural
aspects associated with use of the data underlying regression analyses. Finally,
the Appendix delves into the multiple regression framework in further detail; it
also contains a number of specific examples that illustrate the application of the
technique.

II. Research Design: Model Specification

Multiple regression allows the testifying economist or other expert to choose
among alternative theories or hypotheses and assists the expert in distinguishing
correlations between variables that are plainly spurious from those that may
reflect valid relationships.
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A. What Is the Specific Question That Is Under Investigation by
the Expert?

Research begins with a clear formulation of a research question. The data to be
collected and analyzed must relate directly to this question; otherwise, appropri-
ate inferences cannot be drawn from the statistical analysis. For example, if the
question at issue in a patent infringement case is what price the plaintiff’s prod-
uct would have been but for the sale of the defendant’s infringing product,
sufficient data must be available to allow the expert to account statistically for
the important factors that determine the price of the product.

B. What Model Should Be Used to Evaluate the Question at
Issue?

Model specification involves several steps, each of which is fundamental to the
success of the research effort. Ideally, a multiple regression analysis builds on a
theory that describes the variables to be included in the study. For example, the
theory of labor markets might lead one to expect salaries in an industry to be
related to workers’ experience and the productivity of workers’ jobs. A belief
that there is job discrimination would lead one to add a variable or variables
reflecting discrimination.

Models are often characterized in terms of parameters—numerical character-
istics of the model. In the labor market example, one parameter might reflect
the increase in salary associated with each additional year of job experience.
Multiple regression uses a sample, or a selection of data, from the population (all
the units of interest) to obtain estimates of the values of the parameters of the
model. An estimate associated with a particular explanatory variable is an esti-
mated regression coefticient.

Failure to develop the proper theory, failure to choose the appropriate vari-
ables, or failure to choose the correct form of the model can bias substantially
the statistical results, that is, create a systematic tendency for an estimate of a
model parameter to be too high or too low.

1. Choosing the Dependent Variable

The variable to be explained, the dependent variable, should be the appropriate
variable for analyzing the question at issue.'” Suppose, for example, that pay

19. In multiple regression analysis, the dependent variable is usually a continuous variable that takes
on a range of numerical values. When the dependent variable is categorical, taking on only two or three
values, modified forms of multiple regression, such as probit analysis or logit analysis, are appropriate.
For an example of the use of the latter, see EEOC v. Sears, Roebuck & Co., 839 F.2d 302, 325 (7th Cir.
1988) (EEOC used logit analysis to measure the impact of variables, such as age, education, job-type
experience, and product-line experience, on the female percentage of commission hires). See also David
H. Kaye & David A. Freedman, Reference Guide on Statistics § V, in this manual.
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discrimination among hourly workers is a concern. One choice for the depen-
dent variable is the hourly wage rate of the employees; another choice is the
annual salary. The distinction is important, because annual salary differences
may be due in part to differences in hours worked. If the number of hours
worked is the product of worker preferences and not discrimination, the hourly
wage is a good choice. If the number of hours is related to the alleged discrimi-
nation, annual salary is the more appropriate dependent variable to choose.?

2. Choosing the Explanatory Variable That Is Relevant to the Question at
Issue

The explanatory variable that allows the evaluation of alternative hypotheses
must be chosen appropriately. Thus, in a discrimination case, the variable of
interest may be the race or sex of the individual. In an antitrust case, it may be a
variable that takes on the value 1 to reflect the presence of the alleged
anticompetitive behavior and the value 0 otherwise.!

3. Choosing the Additional Explanatory Variables

An attempt should be made to identify additional known or hypothesized ex-
planatory variables, some of which are measurable and may support alternative
substantive hypotheses that can be accounted for by the regression analysis. Thus,
in a discrimination case, a measure of the skills of the workers may provide an

alternative explanation—lower salaries may have been the result of inadequate
skills.?

20. In job systems in which annual salaries are tied to grade or step levels, the annual salary corre-
sponding to the job position could be more appropriate.

21. Explanatory variables may vary by type, which will affect the interpretation of the regression
results. Thus, some variables may be continuous and others may be categorical.

22. In Ottaviani v. State University of New York, 679 F. Supp. 288, 306-08 (S.D.N.Y. 1988), aff’d,
875 F.2d 365 (2d Cir. 1989), cert. denied, 493 U.S. 1021 (1990), the court ruled (in the liability phase of
the trial) that the university showed there was no discrimination in either placement into initial rank or
promotions between ranks, so rank was a proper variable in multiple regression analysis to determine
whether women faculty members were treated difterently from men.

However, in Trout v. Garrett, 780 F. Supp. 1396, 1414 (D.D.C. 1991), the court ruled (in the
damage phase of the trial) that the extent of civilian employees’ prehire work experience was not an
appropriate variable in a regression analysis to compute back pay in employment discrimination. Ac-
cording to the court, including the prehire level would have resulted in a finding of no sex discrimina-
tion, despite a contrary conclusion in the liability phase of the action. Id. See also Stuart v. Roache, 951
F.2d 446 (1st Cir. 1991) (allowing only three years of seniority to be considered as the result of prior
discrimination), cert. denied, 504 U.S. 913 (1992). Whether a particular variable reflects “legitimate”
considerations or itself reflects or incorporates illegitimate biases is a recurring theme in discrimination
cases. See, e.g., Smith v. Virginia Commonwealth Univ., 84 F.3d 672, 677 (4th Cir. 1996) (en banc)
(suggesting that whether “performance factors” should have been included in a regression analysis was
a question of material fact); id. at 681-82 (Luttig, J., concurring in part) (suggesting that the regression
analysis’ failure to include “performance factors” rendered it so incomplete as to be inadmissible); id. at
690-91 (Michael, J., dissenting) (suggesting that the regression analysis properly excluded “performance
factors”); see also Diehl v. Xerox Corp., 933 F. Supp. 1157, 1168 (W.D.N.Y. 1996).
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Not all possible variables that might influence the dependent variable can be
included if the analysis is to be successful; some cannot be measured, and others
may make little difference.? If a preliminary analysis shows the unexplained
portion of the multiple regression to be unacceptably high, the expert may seek
to discover whether some previously undetected variable is missing from the
analysis.”*

Failure to include a major explanatory variable that is correlated with the
variable of interest in a regression model may cause an included variable to be
credited with an effect that actually is caused by the excluded variable.” In
general, omitted variables that are correlated with the dependent variable re-
duce the probative value of the regression analysis.?® This may lead to inferences
made from regression analyses that do not assist the trier of fact.”’

Omitting variables that are not correlated with the variable of interest is, in
general, less of a concern, since the parameter that measures the effect of the
variable of interest on the dependent variable is estimated without bias. Sup-

23. The summary eftect of the excluded variables shows up as a random error term in the regression
model, as does any modeling error. See infra the Appendix for details. But see David W. Peterson,
Reference Guide on Multiple Regression, 36 Jurimetrics J. 213, 214 n.2 (1996) (review essay) (asserting that
“the presumption that the combined eftect of the explanatory variables omitted from the model are
uncorrelated with the included explanatory variables” is “a knife-edge condition . . . not likely to
occur”).

24. A very low R-square (R is one indication of an unexplained portion of the multiple regression
model that is unacceptably high. However, the inference that one makes from a particular value of R?
will depend, of necessity, on the context of the particular issues under study and the particular data set
that is being analyzed. For reasons discussed in the Appendix, a low R? does not necessarily imply a poor
model (and vice versa).

25. Technically, the omission of explanatory variables that are correlated with the variable of inter-
est can cause biased estimates of regression parameters.

26. The importance of the effect depends on the strength of the relationship between the omitted
variable and the dependent variable, and the strength of the correlation between the omitted variable
and the explanatory variables of interest.

27. See Bazemore v. Friday, 751 F.2d 662, 671-72 (4th Cir. 1984) (upholding the district court’s
refusal to accept a multiple regression analysis as proof of discrimination by a preponderance of the
evidence, the court of appeals stated that, although the regression used four variable factors (race,
education, tenure, and job title), the failure to use other factors, including pay increases which varied by
county, precluded their introduction into evidence), aff’d in part, vacated in part, 478 U.S. 385 (1986).

Note, however, that in Sobel v. Yeshiva University, 839 F.2d 18, 33, 34 (2d Cir. 1988), cert. denied,
490 U.S. 1105 (1989), the court made clear that “a [Title VII] defendant challenging the validity of a
multiple regression analysis [has] to make a showing that the factors it contends ought to have been
included would weaken the showing of salary disparity made by the analysis,” by making a specific
attack and “a showing of relevance for each particular variable it contends . . . ought to [be] includ[ed]”
in the analysis, rather than by simply attacking the results of the plaintifts’ proof as inadequate for lack of
a given variable. See also Smith v. Virginia Commonwealth Univ., 84 F.3d 672 (4th Cir. 1996) (en
banc) (finding that whether certain variables should have been included in a regression analysis is a
question of fact that precludes summary judgment).

Also, in Bazemore v. Friday, the Court, declaring that the Fourth Circuit’s view of the evidentiary
value of the regression analyses was plainly incorrect, stated that “[n]ormally, failure to include variables
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pose, for example, that the effect of a policy introduced by the courts to encour-
age husbands’ payments of child support has been tested by randomly choosing
some cases to be handled according to current court policies and other cases to
be handled according to a new, more stringent policy. The eftect of the new
policy might be measured by a multiple regression using payment success as the
dependent variable and a 0 or 1 explanatory variable (1 if the new program was
applied; O if it was not). Failure to include an explanatory variable that reflected
the age of the husbands involved in the program would not affect the court’s
evaluation of the new policy, since men of any given age are as likely to be
affected by the old policy as they are the new policy. Randomly choosing the
court’s policy to be applied to each case has ensured that the omitted age vari-
able is not correlated with the policy variable.

Bias caused by the omission of an important variable that is related to the
included variables of interest can be a serious problem.? Nevertheless, it is pos-
sible for the expert to account for bias qualitatively if the expert has knowledge
(even if not quantifiable) about the relationship between the omitted variable
and the explanatory variable. Suppose, for example, that the plaintiff’s expert in
a sex discrimination pay case is unable to obtain quantifiable data that reflect the
skills necessary for a job, and that, on average, women are more skillful than
men. Suppose also that a regression analysis of the wage rate of employees (the
dependent variable) on years of experience and a variable reflecting the sex of
each employee (the explanatory variable) suggests that men are paid substantially
more than women with the same experience. Because differences in skill levels
have not been taken into account, the expert may conclude reasonably that the
wage difference measured by the regression is a conservative estimate of the true
discriminatory wage difterence.

The precision of the measure of the effect of a variable of interest on the
dependent variable is also important.” In general, the more complete the ex-
plained relationship between the included explanatory variables and the depen-
dent variable, the more precise the results. Note, however, that the inclusion of
explanatory variables that are irrelevant (i.e., not correlated with the dependent
variable) reduces the precision of the regression results. This can be a source of
concern when the sample size is small, but it is not likely to be of great conse-
quence when the sample size is large.

will affect the analysis” probativeness, not its admissibility. Importantly, it is clear that a regression
analysis that includes less than ‘all measurable variables’ may serve to prove a plaintiff’s case.” 478 U.S.
385, 400 (1986) (footnote omitted).

28. See also David H. Kaye & David A. Freedman, Reference Guide on Statistics § V.B.3, in this
manual.

29. A more precise estimate of a parameter is an estimate with a smaller standard error. See infra the
Appendix for details.
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4. Choosing the Functional Form of the Multiple Regression Model

Choosing the proper set of variables to be included in the multiple regression
model does not complete the modeling exercise. The expert must also choose
the proper form of the regression model. The most frequently selected form is
the linear regression model (described in the Appendix). In this model, the
magnitude of the change in the dependent variable associated with the change
in any of the explanatory variables is the same no matter what the level of the
explanatory variables. For example, one additional year of experience might add
$5,000 to salary, irrespective of the previous experience of the employee.

In some instances, however, there may be reason to believe that changes in
explanatory variables will have differential effects on the dependent variable as
the values of the explanatory variables change. In these instances, the expert
should consider the use of a nonlinear model. Failure to account for nonlinearities
can lead to either overstatement or understatement of the eftect of a change in
the value of an explanatory variable on the dependent variable.

One particular type of nonlinearity involves the interaction among several
variables. An interaction variable is the product of two other variables that are
included in the multiple regression model. The interaction variable allows the
expert to take into account the possibility that the effect of a change in one
variable on the dependent variable may change as the level of another explana-
tory variable changes. For example, in a salary discrimination case, the inclusion
of a term that interacts a variable measuring experience with a variable repre-
senting the sex of the employee (1 if a female employee, 0 if a male employee)
allows the expert to test whether the sex differential varies with the level of
experience. A significant negative estimate of the parameter associated with the
sex variable suggests that inexperienced women are discriminated against, whereas
a significant negative estimate of the interaction parameter suggests that the
extent of discrimination increases with experience.*

Note that insignificant coefficients in a model with interactions may suggest
a lack of discrimination, whereas a model without interactions may suggest the
contrary. It is especially important to account for the interactive nature of the
discrimination; failure to do so may lead to false conclusions concerning dis-
crimination.

30. For further details concerning interactions, see infra the Appendix. Note that in Oftaviani v.
State University of New York, 875 F.2d 365, 367 (2d Cir. 1989), cert. denied, 493 U.S. 1021 (1990), the
defendant relied on a regression model in which a dummy variable reflecting gender appeared as an
explanatory variable. The female plaintiff, however, used an alternative approach in which a regression
model was developed for men only (the alleged protected group). The salaries of women predicted by
this equation were then compared with the actual salaries; a positive difference would, according to the
plaintiff, provide evidence of discrimination. For an evaluation of the methodological advantages and
disadvantages of this approach, see Joseph L. Gastwirth, A Clarification of Some Statistical Issues in Watson
v. Fort Worth Bank and Trust, 29 Jurimetrics J. 267 (1989).
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5. Choosing Multiple Regression as a Method of Analysis

There are many multivariate statistical techniques other than multiple regression
that are useful in legal proceedings. Some statistical methods are appropriate
when nonlinearities are important.*’ Others apply to models in which the de-
pendent variable is discrete, rather than continuous.’® Still others have been
applied predominantly to respond to methodological concerns arising in the
context of discrimination litigation.*®

It is essential that a valid statistical method be applied to assist with the analysis
in each legal proceeding. Therefore, the expert should be prepared to explain
why any chosen method, including multiple regression, was more suitable than
the alternatives.

[II. Interpreting Multiple Regression Results

Multiple regression results can be interpreted in purely statistical terms, through
the use of significance tests, or they can be interpreted in a more practical,
nonstatistical manner. Although an evaluation of the practical significance of
regression results is almost always relevant in the courtroom, tests of statistical
significance are appropriate only in particular circumstances.

A. What Is the Practical, as Opposed to the Statistical, Significance
of Regression Results?

Practical significance means that the magnitude of the effect being studied is not
de minimis—it is sufficiently important substantively for the court to be con-
cerned. For example, if the average wage rate is $10.00 per hour, a wage differ-
ential between men and women of $0.10 per hour is likely to be deemed prac-
tically insignificant because the differential represents only 1% ($0.10/$10.00) of

31. These techniques include, but are not limited to, piecewise linear regression, polynomial re-
gression, maximum likelihood estimation of models with nonlinear functional relationships, and
autoregressive and moving average time-series models. See, e.g., Robert S. Pindyck & Daniel L. Rubinfeld,
Econometric Models and Economic Forecasts 117-21, 136-37, 273-84, 463—-601 (4th ed. 1998).

32. For a discussion of probit analysis and logit analysis, techniques that are useful in the analysis of
qualitative choice, see id. at 248-81.

33. The correct model for use in salary discrimination suits is a subject of debate among labor
economists. As a result, some have begun to evaluate alternative approaches, including urn models
(Bruce Levin & Herbert Robbins, Urn Models for Regression Analysis, with Applications to Employment
Discrimination Studies, Law & Contemp. Probs., Autumn 1983, at 247) and, as a means of correcting for
measurement errors, reverse regression (Delores A. Conway & Harry V. Roberts, Reverse Regression,
Fairness, and Employment Discrimination, 1 J. Bus. & Econ. Stat. 75 (1983)). But see Arthur S. Goldberger,
Redirecting Reverse Regressions, 2 J. Bus. & Econ. Stat. 114 (1984); Arlene S. Ash, The Perverse Logic of
Reverse Regression, in Statistical Methods in Discrimination Litigation 85 (D.H. Kaye & Mikel Aickin
eds., 1986).
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the average wage rate.”* That same difference could be statistically significant,
however, if a sufficiently large sample of men and women was studied.” The
reason is that statistical significance is determined, in part, by the number of
observations in the data set.

Other things being equal, the statistical significance of a regression coefticient
increases as the sample size increases. Thus, a $1 per hour wage difterential
between men and women that was determined to be insignificantly difterent
from zero with a sample of 20 men and women could be highly significant if the
sample were increased to 200.

Often, results that are practically significant are also statistically significant.*
However, it is possible with a large data set to find statistically significant
coefficients that are practically insignificant. Similarly, it is also possible (espe-
cially when the sample size is small) to obtain results that are practically significant
but statistically insignificant. Suppose, for example, that an expert undertakes a
damages study in a patent infringement case and predicts “but-for sales”—what
sales would have been had the infringement not occurred—using data that pre-
date the period of alleged infringement. If data limitations are such that only
three or four years of preinfringement sales are known, the difference between
but-for sales and actual sales during the period of alleged infringement could be
practically significant but statistically insignificant.

1. When Should Statistical Tests Be Used?

A test of a specific contention, a hypothesis test, often assists the court in deter-
mining whether a violation of the law has occurred in areas in which direct
evidence is inaccessible or inconclusive. For example, an expert might use hy-
pothesis tests in race and sex discrimination cases to determine the presence of a
discriminatory eftect.

34. There is no specific percentage threshold above which a result is practically significant. Practical
significance must be evaluated in the context of a particular legal issue. See also David H. Kaye & David
A. Freedman, Reference Guide on Statistics § IV.B.2, in this manual.

35. Practical significance also can apply to the overall credibility of the regression results. Thus, in
McCleskey v. Kemp, 481 U.S. 279 (1987), coefficients on race variables were statistically significant, but
the Court declined to find them legally or constitutionally significant.

36. In Melani v. Board of Higher Education, 561 F. Supp. 769, 774 (S.D.N.Y. 1983), a Title VII suit
was brought against the City University of New York (CUNY) for allegedly discriminating against
female instructional staff in the payment of salaries. One approach of the plaintiff’s expert was to use
multiple regression analysis. The coefficient on the variable that reflected the sex of the employee was
approximately $1,800 when all years of data were included. Practically (in terms of average wages at the
time) and statistically (in terms of a 5% significance test), this result was significant. Thus, the court
stated that “[p]laintiffs have produced statistically significant evidence that women hired as CUNY in-
structional staff since 1972 received substantially lower salaries than similarly qualified men.” Id. at 781
(emphasis added). For a related analysis involving multiple comparison, see Csicseri v. Bowsher, 862 F.
Supp. 547, 572 (D.D.C. 1994) (noting that plaintift’s expert found “statistically significant instances of
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Statistical evidence alone never can prove with absolute certainty the worth
of any substantive theory. However, by providing evidence contrary to the
view that a particular form of discrimination has not occurred, for example, the
multiple regression approach can aid the trier of fact in assessing the likelihood
that discrimination has occurred.”

Tests of hypotheses are appropriate in a cross-section analysis, in which the
data underlying the regression study have been chosen as a sample of a popula-
tion at a particular point in time, and in a time-series analysis, in which the data
being evaluated cover a number of time periods. In either analysis, the expert
may want to evaluate a specific hypothesis, usually relating to a question of
liability or to the determination of whether there is measurable impact of an
alleged violation. Thus, in a sex discrimination case, an expert may want to
evaluate a null hypothesis of no discrimination against the alternative hypothesis
that discrimination takes a particular form.” Alternatively, in an antitrust dam-
ages proceeding, the expert may want to test a null hypothesis of no legal impact
against the alternative hypothesis that there was an impact. In either type of case,
it is important to realize that rejection of the null hypothesis does not in itself
prove legal liability. It is possible to reject the null hypothesis and believe that an
alternative explanation other than one involving legal liability accounts for the
results.”

Often, the null hypothesis is stated in terms of a particular regression coefficient
being equal to 0. For example, in a wage discrimination case, the null hypothesis
would be that there is no wage difference between sexes. If a negative difference
is observed (meaning that women are found to earn less than men, after the
expert has controlled statistically for legitimate alternative explanations), the dif-
ference is evaluated as to its statistical significance using the t-test.*” The t-test
uses the f-statistic to evaluate the hypothesis that a model parameter takes on a
particular value, usually 0.

discrimination” in 2 of 37 statistical comparisons, but suggesting that “2 of 37 amounts to roughly 5%
and is hardly indicative of a pattern of discrimination”), aff’d, 67 F.3d 972 (D.C. Cir. 1995).

37. See International Bhd. of Teamsters v. United States, 431 U.S. 324 (1977) (the Court inferred
discrimination from overwhelming statistical evidence by a preponderance of the evidence).

38. Tests are also appropriate when comparing the outcomes of a set of employer decisions with
those that would have been obtained had the employer chosen difterently from among the available
options.

39. See David H. Kaye & David A. Freedman, Reference Guide on Statistics § IV.C.5, in this
manual.

40. The t-test is strictly valid only if a number of important assumptions hold. However, for many
regression models, the test is approximately valid if the sample size is sufficiently large. See infra the
Appendix for a more complete discussion of the assumptions underlying multiple regression.
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2. What Is the Appropriate Level of Statistical Significance?

In most scientific work, the level of statistical significance required to reject the
null hypothesis (i.e., to obtain a statistically significant result) is set convention-
ally at .05, or 5%.* The significance level measures the probability that the null
hypothesis will be rejected incorrectly, assuming that the null hypothesis is true.
In general, the lower the percentage required for statistical significance, the
more difficult it is to reject the null hypothesis; therefore, the lower the prob-
ability that one will err in doing so. Although the 5% criterion is typical, report-
ing of more stringent 1% significance tests or less stringent 10% tests can also
provide useful information.

In doing a statistical test, it is useful to compute an observed significance
level, or p-value. The p-value associated with the null hypothesis that a regres-
sion coefticient is O is the probability that a coefficient of this magnitude or
larger could have occurred by chance if the null hypothesis were true. If the p-
value were less than or equal to 5%, the expert would reject the null hypothesis
in favor of the alternative hypothesis; if the p-value were greater than 5%, the
expert would fail to reject the null hypothesis.*?

3. Should Statistical Tests Be One-Tailed or Two-Tailed?

When the expert evaluates the null hypothesis that a variable of interest has no
association with a dependent variable against the alternative hypothesis that there
is an association, a two-tailed test, which allows for the effect to be either posi-
tive or negative, is usually appropriate. A one-tailed test would usually be ap-
plied when the expert believes, perhaps on the basis of other direct evidence
presented at trial, that the alternative hypothesis is either positive or negative,
but not both. For example, an expert might use a one-tailed test in a patent
infringement case if he or she strongly believes that the effect of the alleged
infringement on the price of the infringed product was either zero or negative.
(The sales of the infringing product competed with the sales of the infringed
product, thereby lowering the price.)

41. See, e.g., Palmer v. Shultz, 815 F.2d 84, 92 (D.C. Cir. 1987) (“‘the .05 level of significance . . .
[is] certainly sufficient to support an inference of discrimination’ (quoting Segar v. Smith, 738 F.2d
1249, 1283 (D.C. Cir. 1984), cert. denied, 471 U.S. 1115 (1985))).

42. The use of 1%, 5%, and, sometimes, 10% levels for determining statistical significance remains
a subject of debate. One might argue, for example, that when regression analysis is used in a price-fixing
antitrust case to test a relatively specific alternative to the null hypothesis (e.g., price-fixing), a some-
what lower level of confidence (a higher level of significance, such as 10%) might be appropriate.
Otherwise, when the alternative to the null hypothesis is less specific, such as the rather vague alterna-
tive of “effect” (e.g., the price increase is caused by the increased cost of production, increased demand,
a sharp increase in advertising, or price-fixing), a high level of confidence (associated with a low
significance level, such as 1%) may be appropriate. See, e.g., Vuyanich v. Republic Nat’l Bank, 505 F.
Supp. 224, 272 (N.D. Tex. 1980) (noting the “arbitrary nature of the adoption of the 5% level of

[statistical] significance” to be required in a legal context).
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Because using a one-tailed test produces p-values that are one-half the size of
p-values using a two-tailed test, the choice of a one-tailed test makes it easier for
the expert to reject a null hypothesis. Correspondingly, the choice of a two-
tailed test makes null hypothesis rejection less likely. Since there is some arbi-
trariness involved in the choice of an alternative hypothesis, courts should avoid
relying solely on sharply defined statistical tests.*” Reporting the p-value or a
confidence interval should be encouraged, since it conveys useful information
to the court, whether or not a null hypothesis is rejected.

B. Are the Regression Results Robust?

The issue of robustness—whether regression results are sensitive to slight
modifications in assumptions (e.g., that the data are measured accurately)—is of
vital importance. If the assumptions of the regression model are valid, standard
statistical tests can be applied. However, when the assumptions of the model are
violated, standard tests can overstate or understate the significance of the results.

The violation of an assumption does not necessarily invalidate a regression
analysis, however. In some instances in which the assumptions of multiple re-
gression analysis fail, there are other statistical methods that are appropriate.
Consequently, experts should be encouraged to provide additional information
that goes to the issue of whether regression assumptions are valid, and if they are
not valid, the extent to which the regression results are robust. The following
questions highlight some of the more important assumptions of regression analysis.

1. What Evidence Exists That the Explanatory Variable Causes Changes in
the Dependent Variable?

In the multiple regression framework, the expert often assumes that changes in
explanatory variables affect the dependent variable, but changes in the depen-
dent variable do not affect the explanatory variables—that is, there is no feed-
back.* In making this assumption, the expert draws the conclusion that a corre-
lation between an explanatory variable and the dependent variable is due to the
effect of the former on the latter and not vice versa. Were the assumption not
valid, spurious correlation might cause the expert and the trier of fact to reach
the wrong conclusion.*

43. Courts have shown a preference for two-tailed tests. See, e.¢., Palmer v. Shultz, 815 F.2d 84,
95-96 (D.C. Cir. 1987) (rejecting the use of one-tailed tests, the court found that because some appel-
lants were claiming overselection for certain jobs, a two-tailed test was more appropriate in Title VII
cases). See also David H. Kaye & David A. Freedman, Reference Guide on Statistics § IV.C.2, in this
manual; Csicseri v. Bowsher, 862 F. Supp. 547, 565 (D.D.C. 1994) (finding that although a one-tailed
test is “not without merit,” a two-tailed test is preferable).

44. When both effects occur at the same time, this is described as “simultaneity.”

45. The assumption of no feedback is especially important in litigation, because it is possible for the
defendant (if responsible, for example, for price-fixing or discrimination) to affect the values of the
explanatory variables and thus to bias the usual statistical tests that are used in multiple regression.
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Figure 1 illustrates this point. In Figure 1(a), the dependent variable, Price, is
explained through a multiple regression framework by three explanatory vari-
ables, Demand, Cost, and Advertising, with no feedback. In Figure 1(b), there is
teedback, since Price aftects Demand, and Demand, Cost, and Advertising aftect
Price. Cost and Advertising, however, are not aftected by Price. As a general
rule, there is no direct statistical test for determining the direction of causality;
rather, the expert, when asked, should be prepared to defend his or her assump-
tion based on an understanding of the underlying behavior of the firms or indi-
viduals involved.

Figure 1. Feedback
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Although there is no single approach that is entirely suitable for estimating
models when the dependent variable affects one or more explanatory variables,
one possibility is for the expert to drop the questionable variable from the re-
gression to determine whether the variable’s exclusion makes a difference. If it
does not, the issue becomes moot. Another approach is for the expert to expand
the multiple regression model by adding one or more equations that explain the
relationship between the explanatory variable in question and the dependent
variable.

Suppose, for example, that in a salary-based sex discrimination suit the
defendant’s expert considers employer-evaluated test scores to be an appropriate
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explanatory variable for the dependent variable, salary. If the plaintiff were to
provide information that the employer adjusted the test scores in a manner that
penalized women, the assumption that salaries were determined by test scores
and not that test scores were affected by salaries might be invalid. If it is clearly
inappropriate, the test-score variable should be removed from consideration.
Alternatively, the information about the employer’s use of the test scores could
be translated into a second equation in which a new dependent variable, test
score, 1s related to workers’ salary and sex. A test of the hypothesis that salary
and sex affect test scores would provide a suitable test of the absence of feed-

back.

2. To What Extent Are the Explanatory Variables Correlated with Each
Other?

It is essential in multiple regression analysis that the explanatory variable of in-
terest not be correlated perfectly with one or more of the other explanatory
variables. If there were perfect correlation between two variables, the expert
could not separate out the effect of the variable of interest on the dependent
variable from the effect of the other variable. Suppose, for example, that in a sex
discrimination suit a particular form of job experience is determined to be a
valid source of high wages. If all men had the requisite job experience and all
women did not, it would be impossible to tell whether wage differentials be-
tween men and women were due to sex discrimination or differences in expe-
rience.

When two or more explanatory variables are correlated perfectly—that is,
when there is perfect collinearity—one cannot estimate the regression param-
eters. When two or more variables are highly, but not perfectly, correlated—
that is, when there is multicollinearity—the regression can be estimated, but
some concerns remain. The greater the multicollinearity between two variables,
the less precise are the estimates of individual regression parameters (even though
there is no problem in estimating the joint influence of the two variables and all
other regression parameters).

Fortunately, the reported regression statistics take into account any multi-
collinearity that might be present.*® It is important to note as a corollary, how-
ever, that a failure to find a strong relationship between a variable of interest and
a dependent variable need not imply that there is no relationship.” A relatively

46. See Denny v. Westfield State College, 669 F. Supp. 1146, 1149 (D. Mass. 1987) (The court
accepted the testimony of one expert that “the presence of multicollinearity would merely tend to
overestimate the amount of error associated with the estimate . . . . In other words, p-values will be
artificially higher than they would be if there were no multicollinearity present.”) (emphasis added).

47. If an explanatory variable of concern and another explanatory variable are highly correlated,
dropping the second variable from the regression can be instructive. If the coefficient on the explana-
tory variable of concern becomes significant, a relationship between the dependent variable and the
explanatory variable of concern is suggested.
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small sample, or even a large sample with substantial multicollinearity, may not
provide sufficient information for the expert to determine whether there is a
relationship.

3. To What Extent Are Individual Errors in the Regression Model
Independent?

If the expert calculated the parameters of a multiple regression model using as
data the entire population, the estimates might still measure the model’s popu-
lation parameters with error. Errors can arise for a number of reasons, including
(1) the failure of the model to include the appropriate explanatory variables; (2)
the failure of the model to reflect any nonlinearities that might be present; and
(3) the inclusion of inappropriate variables in the model. (Of course, further
sources of error will arise if a sample, or subset, of the population is used to
estimate the regression parameters.)

It is useful to view the cumulative effect of all of these sources of modeling
error as being represented by an additional variable, the error term, in the mul-
tiple regression model. An important assumption in multiple regression analysis
is that the error term and each of the explanatory variables are independent of
each other. (If the error term and an explanatory variable are independent, they
are not correlated with each other.) To the extent this is true, the expert can
estimate the parameters of the model without bias; the magnitude of the error
term will affect the precision with which a model parameter is estimated, but
will not cause that estimate to be consistently too high or too low.

The assumption of independence may be inappropriate in a number of cir-
cumstances. In some instances, failure of the assumption makes multiple regres-
sion analysis an unsuitable statistical technique; in other instances, modifications
or adjustments within the regression framework can be made to accommodate
the failure.

The independence assumption may fail, for example, in a study of individual
behavior over time, in which an unusually high error value in one time period
is likely to lead to an unusually high value in the next time period. For example,
if an economic forecaster underpredicted this year’s Gross National Product, he
or she is likely to underpredict next year’s as well; the factor that caused the
prediction error (e.g., an incorrect assumption about Federal Reserve policy) is
likely to be a source of error in the future.

Alternatively, the assumption of independence may fail in a study of a group
of firms at a particular point in time, in which error terms for large firms are
systematically higher than error terms for small firms. For example, an analysis of
the profitability of firms may not accurately account for the importance of ad-
vertising as a source of increased sales and profits. To the extent that large firms
advertise more than small firms, the regression errors would be large for the
large firms and small for the small firms.
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In some instances, there are statistical tests that are appropriate for evaluating
the independence assumption.* If the assumption has failed, the expert should
ask first whether the source of the lack of independence is the omission of an
important explanatory variable from the regression. If so, that variable should be
included when possible, or the potential effect of its omission should be esti-
mated when inclusion is not possible. If there is no important missing explana-
tory variable, the expert should apply one or more procedures that modify the
standard multiple regression technique to allow for more accurate estimates of
the regression parameters.*’

4. To What Extent Are the Regression Results Sensitive to Individual Data
Points?

Estimated regression coefticients can be highly sensitive to particular data points.
Suppose, for example, that one data point deviates greatly from its expected
value, as indicated by the regression equation, whereas the remaining data points
show little deviation. It would not be unusual in this situation for the coefficients
in a multiple regression to change substantially if the data point in question were
removed from the sample.

Evaluating the robustness of multiple regression results is a complex endeavor.
Consequently, there is no agreed-on set of tests for robustness which analysts
should apply. In general, it is important to explore the reasons for unusual data
points. If the source is an error in recording data, the appropriate corrections can
be made. If all the unusual data points have certain characteristics in common
(e.g., they all are associated with a supervisor who consistently gives high ratings
in an equal-pay case), the regression model should be modified appropriately.

One generally useful diagnostic technique is to determine to what extent the
estimated parameter changes as each data point in the regression analysis is dropped
from the sample. An influential data point—a point that causes the estimated
parameter to change substantially—should be studied further to determine
whether mistakes were made in the use of the data or whether important ex-
planatory variables were omitted.*

48. In a time-series analysis, the correlation of error values over time, the serial correlation, can be
tested (in most instances) using a Durbin-Watson test. The possibility that some error terms are consis-
tently high in magnitude and others are systematically low, heteroscedasticity, can also be tested in a
number of ways. See, e.g., Pindyck & Rubinfeld, supra note 31, at 146-59.

49. When serial correlation is present, a number of closely related statistical methods are appropri-
ate, including generalized differencing (a type of generalized least-squares) and maximum-likelihood
estimation. When heteroscedasticity is the problem, weighted least-squares and maximum-likelihood
estimation are appropriate. See, e.g., id. All these techniques are readily available in a number of statis-
tical computer packages. They also allow one to perform the appropriate statistical tests of the significance
of the regression coefficients.

50. A more complete and formal treatment of the robustness issue appears in David A. Belsley et al.,
Regression Diagnostics: Identifying Influential Data and Sources of Collinearity 229—44 (1980). For a

199



Reference Manual on Scientific Evidence

5. To What Extent Are the Data Subject to Measurement Error?

In multiple regression analysis it is assumed that variables are measured accu-
rately.®' If there are measurement errors in the dependent variable, estimates of
regression parameters will be less accurate, though they will not necessarily be
biased. However, if one or more independent variables are measured with error,
the corresponding parameter estimates are likely to be biased, typically toward
zero.>?

To understand why, suppose that the dependent variable, salary, is measured
without error, and the explanatory variable, experience, is subject to measure-
ment error. (Seniority or years of experience should be accurate, but the type of
experience is subject to error, since applicants may overstate previous job re-
sponsibilities.) As the measurement error increases, the estimated parameter as-
sociated with the experience variable will tend toward 0, that is, eventually,
there will be no relationship between salary and experience.

It is important for any source of measurement error to be carefully evaluated.
In some circumstances, little can be done to correct the measurement-error
problem; the regression results must be interpreted in that light. In other cir-
cumstances, however, the expert can correct measurement error by finding a
new, more reliable data source. Finally, alternative estimation techniques (using
related variables that are measured without error) can be applied to remedy the
measurement-error problem in some situations.>

[V. The Expert

Multiple regression analysis is taught to students in extremely diverse fields,
including statistics, economics, political science, sociology, psychology, anthro-
pology, public health, and history. Consequently, any individual with substan-
tial training in and experience with multiple regression and other statistical meth-
ods may be qualified as an expert.>* A doctoral degree in a discipline that teaches
theoretical or applied statistics, such as economics, history, and psychology, usu-

useful discussion of the detection of outliers and the evaluation of influential data points, see R.D. Cook
& S. Weisberg, Residuals and Influence in Regression, in Monographs on Statistics and Applied Probability
(1982).

51. Inaccuracy can occur not only in the precision with which a particular variable is measured, but
also in the precision with which the variable to be measured corresponds to the appropriate theoretical
construct specified by the regression model.

52. Other coefticient estimates are likely to be biased as well.

53. See, e.g., Pindyck & Rubinfeld, supra note 31, at 178-98 (discussion of instrumental variables
estimation).

54. A proposed expert whose only statistical tool is regression analysis may not be able to judge
when a statistical analysis should be based on an approach other than regression analysis.
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ally signifies to other scientists that the proposed expert meets this preliminary
test of the qualification process.

The decision to qualify an expert in regression analysis rests with the court.
Clearly, the proposed expert should be able to demonstrate an understanding of’
the discipline. Publications relating to regression analysis in peer-reviewed jour-
nals, active memberships in related professional organizations, courses taught on
regression methods, and practical experience with regression analysis can indi-
cate a professional’s expertise. However, the expert’s background and experi-
ence with the specific issues and tools that are applicable to a particular case
should also be considered during the qualification process.

V. Presentation of Statistical Evidence

The costs of evaluating statistical evidence can be reduced and the precision of
that evidence increased if the discovery process is used effectively. In evaluating
the admissibility of statistical evidence, courts should consider the following
issues:>
1. Has the expert provided sufficient information to replicate the multiple
regression analysis?
2. Are the methodological choices that the expert made reasonable, or are
they arbitrary and unjustified?

A. What Disagreements Exist Regarding Data on Which the
Analysis Is Based?

In general, a clear and comprehensive statement of the underlying research
methodology is a requisite part of the discovery process. The expert should be
encouraged to reveal both the nature of the experimentation carried out and the
sensitivity of the results to the data and to the methodology. The following
suggestions are useful requirements that can substantially improve the discovery
process.

1. To the extent possible, the parties should be encouraged to agree to use a
common database. Even if disagreement about the significance of the data
remains, early agreement on a common database can help focus the dis-
covery process on the important issues in the case.

2. A party that offers data to be used in statistical work, including multiple
regression analysis, should be encouraged to provide the following to the
other parties: (a) a hard copy of the data when available and manageable in
size, along with the underlying sources; (b) computer disks or tapes on

55. See also David H. Kaye & David A. Freedman, Reference Guide on Statistics § I.C, in this
manual.

201



Reference Manual on Scientific Evidence

which the data are recorded; (c) complete documentation of the disks or
tapes; (d) computer programs that were used to generate the data (in hard
copy, on a computer disk or tape, or both); and (e) documentation of
such computer programs.

A party offering data should make available the personnel involved in the
compilation of such data to answer the other parties’ technical questions
concerning the data and the methods of collection or compilation.

A party proposing to ofter an expert’s regression analysis at trial should ask
the expert to fully disclose: (a) the database and its sources;* (b) the method
of collecting the data; and (c) the methods of analysis. When possible, this
disclosure should be made sufficiently in advance of trial so that the op-
posing party can consult its experts and prepare cross-examination. The
court must decide on a case-by-case basis where to draw the disclosure
line.

An opposing party should be given the opportunity to object to a data-
base or to a proposed method of analysis of the database to be offered at
trial. Objections may be to simple clerical errors or to more complex
issues relating to the selection of data, the construction of variables, and,
on occasion, the particular form of statistical analysis to be used. When-
ever possible, these objections should be resolved before trial.

The parties should be encouraged to resolve difterences as to the appro-
priateness and precision of the data to the extent possible by informal
conference. The court should make an eftort to resolve differences before
trial.

B. What Database Information and Analytical Procedures Will Aid

in Resolving Disputes over Statistical Studies?¥

The following are suggested guidelines that experts should follow in presenting
database information and analytical procedures. Following these guidelines can
be helpful in resolving disputes over statistical studies.

1. The expert should state clearly the objectives of the study, as well as the

time frame to which it applies and the statistical population to which the
results are being projected.

The expert should report the units of observation (e.g., consumers, busi-
nesses, or employees).

56. These sources would include all variables used in the statistical analyses conducted by the ex-
pert, not simply those variables used in a final analysis on which the expert expects to rely.

57. For a more complete discussion of these requirements, see The Evolving Role of Statistical
Assessments as Evidence in the Courts app. F at 256 (Stephen E. Fienberg ed., 1989) (Recommended
Standards on Disclosure of Procedures Used for Statistical Studies to Collect Data Submitted in Evi-
dence in Legal Cases).
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The expert should clearly define each variable.

The expert should clearly identify the sample for which data are being
studied,’® as well as the method by which the sample was obtained.

The expert should reveal if there are missing data, whether caused by a
lack of availability (e.g., in business data) or nonresponse (e.g., in survey
data), and the method used to handle the missing data (e.g., deletion of
observations).

The expert should report investigations that were made into errors associ-
ated with the choice of variables and assumptions underlying the regres-
sion model.

If samples were chosen randomly from a population (i.e., probability sam-
pling procedures were used),” the expert should make a good-faith eftort
to provide an estimate of a sampling error, the measure of the difference
between the sample estimate of a parameter (such as the mean of a depen-
dent variable under study) and the (unknown) population parameter (the
population mean of the variable).®

If probability sampling procedures were not used, the expert should re-
port the set of procedures that were used to minimize sampling errors.

58. The sample information is important because it allows the expert to make inferences about the
underlying population.

59. In probability sampling, each representative of the population has a known probability of being
in the sample. Probability sampling is ideal because it is highly structured, and in principle, it can be
replicated by others. Nonprobability sampling is less desirable because it is often subjective, relying to a

large extent on the judgment of the expert.
60. Sampling error is often reported in terms of standard errors or confidence intervals. See infra the
Appendix for details.
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Appendix: The Basics of Multiple R egression

L. Introduction

This appendix illustrates, through examples, the basics of multiple regression
analysis in legal proceedings. Often, visual displays are used to describe the rela-
tionship between variables that are used in multiple regression analysis. Figure 2
is a scatterplot that relates scores on a job aptitude test (shown on the x-axis) and
job performance ratings (shown on the y-axis). Each point on the scatterplot
shows where a particular individual scored on the job aptitude test and how his
or her job performance was rated. For example, the individual represented by
Point A in Figure 2 scored 49 on the job aptitude test and had a job performance
rating of 62.

Figure 2. Scatterplot
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The relationship between two variables can be summarized by a correlation
coefticient, which ranges in value from —1 (a perfect negative relationship) to
+1 (a perfect positive relationship). Figure 3 depicts three possible relationships
between the job aptitude variable and the job performance variable. In Figure
3(a), there is a positive correlation: In general, higher job performance ratings
are associated with higher aptitude test scores, and lower job performance rat-
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ings are associated with lower aptitude test scores. In Figure 3(b), the correlation
is negative: Higher job performance ratings are associated with lower aptitude
test scores, and lower job performance ratings are associated with higher apti-
tude test scores. Positive and negative correlations can be relatively strong or
relatively weak. If the relationship is sufficiently weak, there is effectively no
correlation, as is illustrated in Figure 3(c).

Figure 3. Correlation
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3(c). No correlation
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Multiple regression analysis goes beyond the calculation of correlations; it is a
method in which a regression line is used to relate the average of one variable—
the dependent variable—to the values of other explanatory variables. As a result,
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regression analysis can be used to predict the values of one variable using the
values of others. For example, if average job performance ratings depend on
aptitude test scores, regression analysis can use information about test scores to
predict job performance.

A regression line is the best-fitting straight line through a set of points in a
scatterplot. If there is only one explanatory variable, the straight line is defined
by the equation

Y =a+bX (1)

In the equation above, a is the intercept of the line with the y-axis when X
equals 0, and b is the slope—the change in the dependent variable associated
with a 1-unit change in the explanatory variable. In Figure 4, for example,
when the aptitude test score is 0, the predicted (average) value of the job perfor-
mance rating is the intercept, 18.4. Also, for each additional point on the test
score, the job performance rating increases .73 units, which is given by the slope
.73. Thus, the estimated regression line is

Y = 18.4 + .73X 2)

The regression line typically is estimated using the standard method of least-
squares, where the values of a and b are calculated so that the sum of the squared
deviations of the points from the line are minimized. In this way, positive devia-
tions and negative deviations of equal size are counted equally, and large devia-
tions are counted more than small deviations. In Figure 4 the deviation lines are
vertical because the equation is predicting job performance ratings from apti-
tude test scores, not aptitude test scores from job performance ratings.
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Figure 4. Regression Line
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The important variables that systematically might influence the dependent
variable, and for which data can be obtained, typically should be included ex-
plicitly in a statistical model. All remaining influences, which should be small
individually, but can be substantial in the aggregate, are included in an addi-
tional random error term.®" Multiple regression is a procedure that separates the
systematic effects (associated with the explanatory variables) from the random
effects (associated with the error term) and also offers a method of assessing the
success of the process.

II. Linear Regression Model

When there is an arbitrary number of explanatory variables, the linear regression
model takes the following form:

Y=B,+BX +BX,+...+BX, +¢ (3)

where Y represents the dependent variable, such as the salary of an employee,
and X, . .. X, represent the explanatory variables (e.g., the experience of each

61. It is clearly advantageous for the random component of the regression relationship to be small
relative to the variation in the dependent variable.
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employee and his or her sex, coded as a 1 or 0, respectively). The error term, &,
represents the collective unobservable influence of any omitted variables. In a
linear regression, each of the terms being added involves unknown parameters,
B, B,, - - - B,"” which are estimated by “fitting” the equation to the data using
least-squares.

Most statisticians use the least-squares regression technique because of its sim-
plicity and its desirable statistical properties. As a result, it also is used frequently
in legal proceedings.

A. An Example

Suppose an expert wants to analyze the salaries of women and men at a large
publishing house to discover whether a difference in salaries between employees
with similar years of work experience provides evidence of discrimination.” To
begin with the simplest case, Y, the salary in dollars per year, represents the
dependent variable to be explained, and X, represents the explanatory vari-
able—the number of years of experience of the employee. The regression model
would be written

Y =8, +BX +¢ )

In equation (4), B, and B, are the parameters to be estimated from the data,
and € is the random error term. The parameter B is the average salary of all
employees with no experience. The parameter B, measures the average eftect of
an additional year of experience on the average salary of employees.

B. Regression Line

Once the parameters in a regression equation, such as equation (3), have been
estimated, the fitted values for the dependent variable can be calculated. If we
denote the estimated regression parameters, or regression coefficients, for the

model in equation (3) by bo, b, ... b, the fitted values for Y, denoted \A{, are
given by
Y =b,+bX, +bX, +...bX (5)

62. The variables themselves can appear in many different forms. For example, Y might represent
the logarithm of an employee’s salary, and X might represent the logarithm of the employee’s years of
experience. The logarithmic representation is appropriate when Y increases exponentially as X in-
creases—for each unit increase in X, the corresponding increase in Y becomes larger and larger. For
example, if an expert were to graph the growth of the U.S. population (Y) over time (f), an equation of
the form
log (Y) = B, + B log(f) might be appropriate.

63. The regression results used in this example are based on data for 1,715 men and women, which
were used by the defense in a sex discrimination case against the New York Times that was settled in
1978. Professor Orley Ashenfelter, of the Department of Economics, Princeton University, provided
the data.
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Figure 5 illustrates this for the example involving a single explanatory vari-
able. The data are shown as a scatter of points; salary is on the vertical axis, and
years of experience is on the horizontal axis. The estimated regression line is
drawn through the data points. It is given by

¥ = $15,000 + $2,000X, (6)

Thus, the fitted value for the salary associated with an individual’s years of expe-
rience X, is given by

¥ = b, + bX, (at Point B). 7)

The intercept of the straight line is the average value of the dependent vari-
able when the explanatory variable or variables are equal to 0; the intercept b, is
shown on the vertical axis in Figure 5. Similarly, the slope of the line measures
the (average) change in the dependent variable associated with a unit increase in
an explanatory variable; the slope b, also is shown. In equation (6), the intercept
$15,000 indicates that employees with no experience earn $15,000 per year.
The slope parameter implies that each year of experience adds $2,000 to an
“average” employee’s salary.

Figure 5. Goodness-of-Fit
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Now, suppose that the salary variable is related simply to the sex of the em-
ployee. The relevant indicator variable, often called a dummy variable, is X,
which is equal to 1 if the employee is male, and O if the employee is female.
Suppose the regression of salary Y on X yields the following result:
Y = $30,449 + $10,979X,. The coefticient $10,979 measures the difference
between the average salary of men and the average salary of women.*

1. Regression Residuals

For each data point, the regression residual is the difference between the actual
values and fitted values of the dependent variable. Suppose, for example, that
we are studying an individual with three years of experience and a salary of
$27,000. According to the regression line in Figure 5, the average salary of an
individual with three years of experience is $21,000. Since the individual’s salary
is $6,000 higher than the average salary, the residual (the individual’s salary
minus the average salary) is $6,000. In general, the residual e associated with a
data point, such as Point A in Figure 5, is given by e = Y, — \A(‘,. Each data point
in the figure has a residual, which is the error made by the least-squares regres-
sion method for that individual.

2. Nonlinearities

Nonlinear models account for the possibility that the effect of an explanatory
variable on the dependent variable may vary in magnitude as the level of the
explanatory variable changes. One useful nonlinear model uses interactions among
variables to produce this eftect. For example, suppose that

S=pB, + B,SEX + B.EXP + B,(EXP)(SEX) + € (8)

where S is annual salary, SEX is equal to 1 for women and 0 for men, EXP
represents years of job experience, and € is a random error term. The coefficient
B, measures the difference in average salary (across all experience levels) be-
tween men and women for employees with no experience. The coefticient 3,
measures the effect of experience on salary for men (when SEX = 0), and the
coefficient B, measures the difference in the effect of experience on salary be-
tween men and women. It follows, for example, that the effect of one year of
experience on salary for men is 3,, whereas the comparable eftect for women is

B,+ B,

64. To understand why, note that when X, equals 0, the average salary for women is $30,449 +
$10,979 x 0 = $30,449. Correspondingly, when X equals 1, the average salary for men is $30,449 +
$10,979 x 1 = $41,428. The difference, $41,428 — $30,449, is $10,979.

65. Estimating a regression in which there are interaction terms for all explanatory variables, as in
equation (8), is essentially the same as estimating two separate regressions, one for men and one for
women.
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II1. Interpreting Regression Results

To explain how regression results are interpreted, we can expand the earlier
example associated with Figure 5 to consider the possibility of an additional
explanatory variable—the square of the number of years of experience, X,. The
X, variable is designed to capture the fact that for most individuals, salaries in-
crease with experience, but eventually salaries tend to level oft. The estimated
regression line using the third additional explanatory variable, as well as the first
explanatory variable for years of experience (X,) and the dummy variable for sex
(X)), 1s

Y = $14,085 + $2,323X, + $1,675X, — $36X, ©)

The importance of including relevant explanatory variables in a regression
model is illustrated by the change in the regression results after the X, and X|
variables are added. The coefficient on the variable X, measures the difference
in the salaries of men and women while holding the effect of experience con-
stant. The differential of $1,675 is substantially lower than the previously mea-
sured differential of $10,979. Clearly, failure to control for job experience in
this example leads to an overstatement of the difference in salaries between men
and women.

Now consider the interpretation of the explanatory variables for experience,
X, and X,. The positive sign on the X, coefticient shows that salary increases
with experience. The negative sign on the X, coefticient indicates that the rate
of salary increase decreases with experience. To determine the combined effect
of the variables X, and X, some simple calculations can be made. For example,
consider how the average salary of women (X, = 0) changes with the level of
experience. As experience increases from O to 1 year, the average salary increases
by $2,251, from $14,085 to $16,336. However, women with 2 years of experi-
ence earn only $2,179 more than women with 1 year of experience, and women
with 3 years of experience earn only $2,127 more than women with 2 years.
Furthermore, women with 7 years of experience earn $28,582 per year, which
is only $1,855 more than the $26,727 earned by women with 6 years of experi-
ence.® Figure 6 illustrates the results; the regression line shown is for women’s
salaries; the corresponding line for men’s salaries would be parallel and $1,675
higher.

66. These numbers can be calculated by substituting different values of X, and X; in equation (9).
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Figure 6. Regression Slope
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IV. Determining the Precision of the Regression Results

Least-squares regression provides not only parameter estimates that indicate the
direction and magnitude of the eftect of a change in the explanatory variable on
the dependent variable, but also an estimate of the reliability of the parameter
estimates and a measure of the overall goodness-of-fit of the regression model.
Each of these factors is considered in turn.

A. Standard Errors of the Coefficients and t-Statistics

Estimates of the true but unknown parameters of a regression model are num-
bers that depend on the particular sample of observations under study. If a dif-
ferent sample were used, a different estimate would be calculated.®” If the expert
continued to collect more and more samples and generated additional estimates,
as might happen when new data became available over time, the estimates of
each parameter would follow a probability distribution (i.e., the expert could
determine the percentage or frequency of the time that each estimate occurs).
This probability distribution can be summarized by a mean and a measure of

67. The least-squares formula that generates the estimates is called the least-squares estimator, and
its values vary from sample to sample.
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dispersion around the mean, a standard deviation, which usually is referred to as
the standard error of the coefficient, or the standard error (SE).%

Suppose, for example, that an expert is interested in estimating the average
price paid for a gallon of unleaded gasoline by consumers in a particular geo-
graphic area of the United States at a particular point in time. The mean price
for a sample of ten gas stations might be $1.25, while the mean for another
sample might be $1.29, and the mean for a third, $1.21. On this basis, the expert
also could calculate the overall mean price of gasoline to be $1.25 and the stan-
dard deviation to be $0.04.

Least-squares regression generalizes this result, by calculating means whose
values depend on one or more explanatory variables. The standard error of a
regression coefficient tells the expert how much parameter estimates are likely
to vary from sample to sample. The greater the variation in parameter estimates
from sample to sample, the larger the standard error and consequently the less
reliable the regression results. Small standard errors imply results that are likely
to be similar from sample to sample, whereas results with large standard errors
show more variability.

Under appropriate assumptions, the least-squares estimators provide “best”
determinations of the true underlying parameters.®” In fact, least-squares has
several desirable properties. First, least-squares estimators are unbiased. Intu-
itively, this means that if the regression were calculated over and over again with
different samples, the average of the many estimates obtained for each coefticient
would be the true parameter. Second, least-squares estimators are consistent; if
the sample were very large, the estimates obtained would come close to the true
parameters. Third, least-squares is efficient, in that its estimators have the small-
est variance among all (linear) unbiased estimators.

If the further assumption is made that the probability distribution of each of
the error terms is known, statistical statements can be made about the precision
of the coefficient estimates. For relatively large samples (often, thirty or more
data points will be sufficient for regressions with a small number of explanatory
variables), the probability that the estimate of a parameter lies within an interval
of 2 standard errors around the true parameter is approximately .95, or 95%. A
frequent, although not always appropriate, assumption in statistical work is that
the error term follows a normal distribution, from which it follows that the
estimated parameters are normally distributed. The normal distribution has the

68. See David H. Kaye & David A. Freedman, Reference Guide on Statistics § IV.A, in this manual.

69. The necessary assumptions of the regression model include (a) the model is specified correctly;
(b) errors associated with each observation are drawn randomly from the same probability distribution
and are independent of each other; (c) errors associated with each observation are independent of the
corresponding observations for each of the explanatory variables in the model; and (d) no explanatory
variable is correlated perfectly with a combination of other variables.
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property that the area within 1.96 standard errors of the mean is equal to 95% of
the total area. Note that the normality assumption is not necessary for least-
squares to be used, since most of the properties of least-squares apply regardless
of normality.

In general, for any parameter estimate b, the expert can construct an interval
around b such that there is a 95% probability that the interval covers the true

parameter. This 95% confidence interval” is given by

b *1.96 x (SE of b) (1o)™

The expert can test the hypothesis that a parameter is actually equal to O (often
stated as testing the null hypothesis) by looking at its ¢-statistic, which is defined
as

b
SE(h) 11

t:

If the t-statistic is less than 1.96 in magnitude, the 95% confidence interval
around b must include 0.7 Because this means that the expert cannot reject the
hypothesis that B equals 0, the estimate, whatever it may be, is said to be not
statistically significant. Conversely, if the f-statistic is greater than 1.96 in abso-
lute value, the expert concludes that the true value of B is unlikely to be 0
(intuitively, b is “too far” from O to be consistent with the true value of 3 being
0). In this case, the expert rejects the hypothesis that B equals 0 and calls the
estimate statistically significant. If the null hypothesis B equals O is true, using a
95% confidence level will cause the expert to falsely reject the null hypothesis
5% of the time. Consequently, results often are said to be significant at the 5%
level.”

As an example, consider a more complete set of regression results associated
with the salary regression described in equation (9):

Y = $14,085 + $2,323X, + $1,675X, — $36X,
(1,577)  (140)  (1,435) (3.4) (12)
t= 89 16.5 127 -108

The standard error of each estimated parameter is given in parentheses directly

70. Confidence intervals are used commonly in statistical analyses because the expert can never be
certain that a parameter estimate is equal to the true population parameter.

71. If the number of data points in the sample is small, the standard error must be multiplied by a
number larger than 1.96.

72. The t-statistic applies to any sample size. As the sample gets large, the underlying distribution,
which is the source of the t-statistic (the student’s ¢ distribution), approximates the normal distribution.

73. A t-statistic of 2.57 in magnitude or greater is associated with a 99% confidence level, or a 1%
level of significance, that includes a band of 2.57 standard deviations on either side of the estimated
coefticient.
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below the parameter, and the corresponding t-statistics appear below the stan-
dard error values.

Consider the coefficient on the dummy variable X.. It indicates that $1,675 is
the best estimate of the mean salary difference between men and women. How-
ever, the standard error of $1,435 is large in relation to its coefficient $1,675.
Because the standard error is relatively large, the range of possible values for
measuring the true salary difference, the true parameter, is great. In fact, a 95%
confidence interval is given by

$1,675 £ 1,435 X 1.96 = $1,675 + $2,813 (13)

In other words, the expert can have 95% confidence that the true value of the
coefficient lies between —$1,138 and $4,488. Because this range includes 0, the
effect of sex on salary is said to be insignificantly difterent from 0 at the 5% level.
The t value of 1.2 1s equal to $1,675 divided by $1,435. Because this f-statistic is
less than 1.96 in magnitude (a condition equivalent to the inclusion of a 0 in the
above confidence interval), the sex variable again is said to be an insignificant
determinant of salary at the 5% level of significance.

Note also that experience is a highly significant determinant of salary, since
both the X, and the X, variables have t-statistics substantially greater than 1.96 in
magnitude. More experience has a significant positive effect on salary, but the
size of this effect diminishes significantly with experience.

B. Goodness-of-Fit

Reported regression results usually contain not only the point estimates of the
parameters and their standard errors or t-statistics, but also other information
that tells how closely the regression line fits the data. One statistic, the standard
error of the regression (SER), is an estimate of the overall size of the regression
residuals.”* An SER of 0 would occur only when all data points lie exactly on
the regression line—an extremely unlikely possibility. Other things being equal,
the larger the SER, the poorer the fit of the data to the model.

For a normally distributed error term, the expert would expect approximately
95% of the data points to lie within 2 SERs of the estimated regression line, as
shown in Figure 7 (in Figure 7, the SER is approximately $5,000).

R-square (R?) is a statistic that measures the percentage of variation in the
dependent variable that is accounted for by all the explanatory variables.”” Thus,
R?provides a measure of the overall goodness-of-fit of the multiple regression
equation.” Its value ranges from 0 to 1. An R?of 0 means that the explanatory

74. More specifically, it is a measure of the standard deviation of the regression error e. It sometimes
is called the root mean square error of the regression line.

75. The variation is the square of the difference between each Y value and the average Y value,
summed over all the Y values.

76. R? and SER provide similar information, because R? is approximately equal to

1 — SER?/Variance of Y.
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variables explain none of the variation of the dependent variable; an R*of 1
means that the explanatory variables explain all of the variation. The R?associ-
ated with equation (12) is .56. This implies that the three explanatory variables
explain 56% of the variation in salaries.

Figure 7. Standard Error of the Regression
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What level of R?, if any, should lead to a conclusion that the model is satisfac-
tory? Unfortunately, there is no clear-cut answer to this question, since the
magnitude of R? depends on the characteristics of the data being studied and, in
particular, whether the data vary over time or over individuals. Typically, an R?
is low in cross-section studies in which differences in individual behavior are
explained. It is likely that these individual differences are caused by many factors
that cannot be measured. As a result, the expert cannot hope to explain most of
the variation. In time-series studies, in contrast, the expert is explaining the
movement of aggregates over time. Since most aggregate time series have sub-
stantial growth, or trend, in common, it will not be difficult to “explain” one
time series using another time series, simply because both are moving together.
It follows as a corollary that a high R*does not by itself mean that the variables
included in the model are the appropriate ones.

As a general rule, courts should be reluctant to rely solely on a statistic such as
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R?to choose one model over another. Alternative procedures and tests are avail-
able.”

C. Sensitivity of Least-Squares Regression Results

The least-squares regression line can be sensitive to extreme data points. This
sensitivity can be seen most easily in Figure 8. Assume initially that there are
only three data points, A, B, and C, relating information about X, to the vari-
able Y. The least-squares line describing the best-fitting relationship between
Points A, B, and C is represented by Line 1. Point D is called an outlier because
it lies far from the regression line that fits the remaining points. When a new,
best-fitting least-squares line is reestimated to include Point D, Line 2 is ob-
tained. Figure 8 shows that the outlier Point D is an influential data point, since
it has a dominant effect on the slope and intercept of the least-squares line.
Because least squares attempts to minimize the sum of squared deviations, the
sensitivity of the line to individual points sometimes can be substantial.”®

Figure 8. Least-Squares R egression

Line 1

77. These include F-tests and specification error tests. See Pindyck & Rubinfeld, supra note 31, at
88-95, 128-36, 194-98.

78. This sensitivity is not always undesirable. In some instances it may be much more important to
predict Point D when a big change occurs than to measure the effects of small changes accurately.
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What makes the influential data problem even more difticult is that the effect
of an outlier may not be seen readily if deviations are measured from the final
regression line. The reason is that the influence of Point D on Line 2 is so
substantial that its deviation from the regression line is not necessarily larger than
the deviation of any of the remaining points from the regression line.”” Al-
though they are not as popular as least-squares, alternative estimation techniques
that are less sensitive to outliers, such as robust estimation, are available.

V. Reading Multiple Regression Computer Output

Statistical computer packages that report multiple regression analyses vary to
some extent in the information they provide and the form that the information
takes. Table 1 contains a sample of the basic computer output that is associated
with equation (9).

Table 1. Regression Output

Dependent Variable:Y SSE 62346266124 FTest 174.71
DFE 561 Prob > F 0.0001
MSE 111134164 R? 0.556
Parameter

Variable DF Estimate Standard Error ~ f-stat Prob >|¢|

Intercept 1 14084.89 1577.484 8.9287 .0001

X 1 2323.17 140.70 16.5115 .0001

X5 1 1675.11 1435.422 1.1670 2437

X 1 -36.71 341 -10.7573 .0001

Note: SSE = sum of squared errors; DFE = degrees of freedom associated with the error term; MSE = mean
square error; DF = degrees of freedom; t-stat = f-statistic; Prob = probability.

In the lower portion of Table 1, note that the parameter estimates, the stan-
dard errors, and the f-statistics match the values given in equation (12).** The
variable “Intercept” refers to the constant term b in the regression. The column
“DF” represents degrees of freedom. The “1” signifies that when the computer
calculates the parameter estimates, each variable that is added to the linear re-
gression adds an additional constraint that must be satisfied. The column labeled
“Prob > | t]|” lists the two-tailed p-values associated with each estimated param-

79. The importance of an outlier also depends on its location in the data set. Outliers associated
with relatively extreme values of explanatory variables are likely to be especially influential. See, e.g.,
Fisher v. Vassar College, 70 F.3d 1420, 1436 (2d Cir. 1995) (court required to include assessment of
“service in academic community,” since concept was too amorphous and not a significant factor in
tenure review), rev’d on other grounds, 114 F.3d 1332 (2d Cir. 1997) (en banc).

80. Computer programs give results to more decimal places than are meaningful. This added detail
should not be seen as evidence that the regression results are exact.
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eter; the p-value measures the observed significance level—the probability of
getting a test statistic as extreme or more extreme than the observed number if
the model parameter is in fact 0. The very low p-values on the variables X, and
X, imply that each variable is statistically significant at less than the 1% level—
both highly significant results. In contrast, the X, coefficient is only significant at
the 24% level, implying that it is insignificant at the traditional 5% level. Thus,
the expert cannot reject with confidence the null hypothesis that salaries do not
differ by sex after the expert has accounted for the effect of experience.

The top portion of Table 1 provides data that relate to the goodness-of-fit of
the regression equation. The sum of squared errors (SSE) measures the sum of
the squares of the regression residuals—the sum that is minimized by the least-
squares procedure. The degrees of freedom associated with the error term (DFE)
is given by the number of observations minus the number of parameters that
were estimated. The mean square error (MSE) measures the variance of the
error term (the square of the standard error of the regression). MSE is equal to
SSE divided by DFE.

The R? of 0.556 indicates that 55.6% of the variation in salaries is explained
by the regression variables, X, X, and X,. Finally, the F-test is a test of the null
hypothesis that all regression coefficients (except the intercept) are jointly equal
to O—that there is no association between the dependent variable and any of the
explanatory variables. This is equivalent to the null hypothesis that R? is equal to
0. In this case, the F-ratio of 174.71 is sufficiently high that the expert can reject
the null hypothesis with a very high degree of confidence (i.e., with a 1% level
of significance).

V'l. Forecasting

In general, a forecast is a prediction made about the values of the dependent
variable using information about the explanatory variables. Often, ex ante fore-
casts are performed; in this situation, values of the dependent variable are pre-
dicted beyond the sample (e.g., beyond the time period in which the model has
been estimated). However, ex post forecasts are frequently used in damage analy-
ses.®! An ex post forecast has a forecast period such that all values of the depen-
dent and explanatory variables are known; ex post forecasts can be checked
against existing data and provide a direct means of evaluation.

For example, to calculate the forecast for the salary regression discussed above,
the expert uses the estimated salary equation

A
Y = $14,085 + $2,323X, + $1,675X, - $36X, (14)

81. Frequently, in cases involving damages, the question arises, what the world would have been
like had a certain event not taken place. For example, in a price-fixing antitrust case, the expert can ask
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To predict the salary of a man with two years’ experience, the expert calculates

Y(2) = $14,085 + ($2,323 X 2) + $1,675 - (§36 X 22) = $20,262 (15)

The degree of accuracy of both ex ante and ex post forecasts can be calculated
provided that the model specification is correct and the errors are normally
distributed and independent. The statistic is known as the standard error of
forecast (SEF). The SEF measures the standard deviation of the forecast error
that is made within a sample in which the explanatory variables are known with
certainty.® The SEF can be used to determine how accurate a given forecast is.
In equation (15), the SEF associated with the forecast of $20,262 is approxi-
mately $5,000. If a large sample size is used, the probability is roughly 95% that
the predicted salary will be within 1.96 standard errors of the forecasted value.
In this case, the appropriate 95% interval for the prediction is $10,822 to $30,422.
Because the estimated model does not explain salaries eftectively, the SEF is
large, as is the 95% interval. A more complete model with additional explana-
tory variables would result in a lower SEF and a smaller 95% interval for the
prediction.

There is a danger when using the SEF, which applies to the standard errors of
the estimated coefticients as well. The SEF is calculated on the assumption that
the model includes the correct set of explanatory variables and the correct func-
tional form. If the choice of variables or the functional form is wrong, the esti-
mated forecast error may be misleading. In some instances, it may be smaller,
perhaps substantially smaller, than the true SEF; in other instances, it may be
larger, for example, if the wrong variables happen to capture the eftects of the
correct variables.

The difference between the SEF and the SER is shown in Figure 9. The
SER measures deviations within the sample. The SEF is more general, since it
calculates deviations within or without the sample period. In general, the differ-
ence between the SEF and the SER increases as the values of the explanatory
variables increase in distance from the mean values. Figure 9 shows the 95%
prediction interval created by the measurement of 2 SEFs about the regression
line.

what the price of a product would have been had a certain event associated with the price-fixing
agreement not occurred. If prices would have been lower, the evidence suggests impact. If the expert
can predict how much lower they would have been, the data can help the expert develop a numerical
estimate of the amount of damages.

82. There are actually two sources of error implicit in the SEF. The first source arises because the
estimated parameters of the regression model may not be exactly equal to the true regression param-
eters. The second source is the error term itself; when forecasting, the expert typically sets the error
equal to 0 when a turn of events not taken into account in the regression model may make it appropri-
ate to make the error positive or negative.
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Figure 9. Standard Error of Forecast

Salary (Y)

Experience (X1)
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Glossary of Terms

The following terms and definitions are adapted from a variety of sources, in-
cluding A Dictionary of Epidemiology (John M. Last et al. eds., 3d ed. 1995)
and Robert S. Pindyck & Daniel L. Rubinfeld, Econometric Models and Eco-
nomic Forecasts (4th ed. 1998).

alternative hypothesis. See hypothesis test.

association. The degree of statistical dependence between two or more events
or variables. Events are said to be associated when they occur more frequently
together than one would expect by chance.

bias. Any effect at any stage of investigation or inference tending to produce
results that depart systematically from the true values (i.e., the results are
either too high or too low). A biased estimator of a parameter differs on
average from the true parameter.

coefficient. An estimated regression parameter.

confidence interval. An interval that contains a true regression parameter
with a given degree of confidence.

consistent estimator. An estimator that tends to become more and more
accurate as the sample size grows.

correlation. A statistical means of measuring the association between variables.
Two variables are correlated positively if, on average, they move in the same
direction; two variables are correlated negatively if, on average, they move in
opposite directions.

cross-section analysis. A type of multiple regression analysis in which each
data point is associated with a difterent unit of observation (e.g., an individual
or a firm) measured at a particular point in time.

degrees of freedom (DF). The number of observations in a sample minus the
number of estimated parameters in a regression model. A useful statistic in
hypothesis testing.

dependent variable. The variable to be explained or predicted in a multiple
regression model.

dummy variable. A variable that takes on only two values, usually 0 and 1,
with one value indicating the presence of a characteristic, attribute, or effect
(1) and the other value indicating its absence (0).

efficient estimator. An estimator of a parameter that produces the greatest
precision possible.

error term. A variable in a multiple regression model that represents the cumu-
lative effect of a number of sources of modeling error.
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estimate. The calculated value of a parameter based on the use of a particular
sample.

estimator. The sample statistic that estimates the value of a population parame-
ter (e.g., a regression parameter); its values vary from sample to sample.

ex ante forecast. A prediction about the values of the dependent variable that
go beyond the sample; consequently, the forecast must be based on predic-
tions for the values of the explanatory variables in the regression model.

explanatory variable. A variable that is associated with changes in a depen-
dent variable.

ex post forecast. A prediction about the values of the dependent variable
made during a period in which all the values of the explanatory and depen-
dent variables are known. Ex post forecasts provide a useful means of evalu-
ating the fit of a regression model.

F-test. A statistical test (based on an F-ratio) of the null hypothesis that a group
of explanatory variables are jointly equal to 0. When applied to all the explana-
tory variables in a multiple regression model, the F-test becomes a test of the
null hypothesis that R* equals 0.

feedback. When changes in an explanatory variable affect the values of the
dependent variable, and changes in the dependent variable also affect the
explanatory variable. When both effects occur at the same time, the two
variables are described as being determined simultaneously.

fitted value. The estimated value for the dependent variable; in a linear regres-
sion this value is calculated as the intercept plus a weighted average of the
values of the explanatory variables, with the estimated parameters used as
weights.

heteroscedasticity. When the error associated with a multiple regression model
has a nonconstant variance; that is, the error values associated with some
observations are typically high, whereas the values associated with other ob-
servations are typically low.

hypothesis test. A statement about the parameters in a multiple regression
model. The null hypothesis may assert that certain parameters have specified
values or ranges; the alternative hypothesis would specify other values or
ranges.

independence. When two variables are not correlated with each other (in the
population).

independent variable. An explanatory variable that affects the dependent vari-
able but is not affected by the dependent variable.

influential data point. A data point whose deletion from a regression sample
causes one or more estimated regression parameters to change substantially.
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interaction variable. The product of two explanatory variables in a regression
model. Used in a particular form of nonlinear model.

intercept. The value of the dependent variable when each of the explanatory
variables takes on the value of 0 in a regression equation.

least-squares. A common method for estimating regression parameters. Least-
squares minimizes the sum of the squared diftferences between the actual val-
ues of the dependent variable and the values predicted by the regression equa-
tion.

linear regression model. A regression model in which the eftect of a change
in each of the explanatory variables on the dependent variable is the same, no
matter what the values of those explanatory variables.

mean (sample). An average of the outcomes associated with a probability
distribution, where the outcomes are weighted by the probability that each
will occur.

mean square error (MSE). The estimated variance of the regression error,
calculated as the average of the sum of the squares of the regression residuals.

model. A representation of an actual situation.

multicollinearity. When two or more variables are highly correlated in a mul-
tiple regression analysis. Substantial multicollinearity can cause regression pa-
rameters to be estimated imprecisely, as reflected in relatively high standard
errors.

multiple regression analysis. A statistical tool for understanding the relation-
ship between two or more variables.

nonlinear regression model. A model having the property that changes in
explanatory variables will have differential effects on the dependent variable
as the values of the explanatory variables change.

normal distribution. A bell-shaped probability distribution having the prop-
erty that about 95% of the distribution lies within two standard deviations of
the mean.

null hypothesis. In regression analysis the null hypothesis states that the results
observed in a study with respect to a particular variable are no different from
what might have occurred by chance, independent of the effect of that vari-
able. See hypothesis test.

one-tailed test. A hypothesis test in which the alternative to the null hypoth-
esis that a parameter is equal to O is for the parameter to be either positive or
negative, but not both.

outlier. A data point that is more than some appropriate distance from a regres-
sion line that is estimated using all the other data points in the sample.
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p-value. The significance level in a statistical test; the probability of getting a
test statistic as extreme or more extreme than the observed value. The larger
the p-value, the more likely the null hypothesis is true.

parameter. A numerical characteristic of a population or a model.

perfect collinearity. When two or more explanatory variables are correlated
perfectly.

population. All the units of interest to the researcher; also, universe.

practical significance. Substantive importance. Statistical significance does
not ensure practical significance, since, with large samples, small differences
can be statistically significant.

probability distribution. The process that generates the values of a random
variable. A probability distribution lists all possible outcomes and the prob-
ability that each will occur.

probability sampling. A process by which a sample of a population is chosen
so that each unit of observation has a known probability of being selected.

random error term. A term in a regression model that reflects random error
(sampling error) that is due to chance. As a consequence, the result obtained
in the sample differs from the result that would be obtained if the entire
population were studied.

regression coefficient. Also, regression parameter. The estimate of a popula-
tion parameter obtained from a regression equation that is based on a particu-
lar sample.

regression residual. The difference between the actual value of a dependent
variable and the value predicted by the regression equation.

robust estimation. An alternative to least-squares estimation that is less sensi-
tive to outliers.

robustness. A statistic or procedure that does not change much when data or
assumptions are slightly modified is robust.

R-square (R?). A statistic that measures the percentage of the variation in the
dependent variable that is accounted for by all of the explanatory variables in
a regression model. R-square is the most commonly used measure of good-
ness-of-fit of a regression model.

sample. A selection of data chosen for a study; a subset of a population.

sampling error. A measure of the difference between the sample estimate of a
parameter and the population parameter.

scatterplot. A graph showing the relationship between two variables in a study;
each dot represents one subject. One variable is plotted along the horizontal
axis; the other variable is plotted along the vertical axis.
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serial correlation. The correlation of the values of regression errors over time.

slope. The change in the dependent variable associated with a 1-unit ch